

    
      
          
            
  


methylcheck documentation

methylcheck is a Python-based package for filtering and visualizing Illumina methylation array data. The focus is on quality control. View on ReadTheDocs. [https://life-epigenetics-methylcheck.readthedocs-hosted.com/en/latest/]
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methylcheck is part of the methylsuite

methylcheck is part of the methylsuite [https://pypi.org/project/methylsuite/] of python packages that provide functions to process and analyze DNA methylation data from Illumina’s Infinium arrays (27k, 450k, and EPIC, as well as mouse arrays). This package is focused on quality control for processed methylation data.

methylcheck functions are designed to work with a minimum of knowledge and specification required. But you can always override the “smart” defaults with custom settings if the default settings don’t work for your data. The entire methylsuite is designed in this format: to offer ease of use while still maintaining flexibility for customization as needed.



Methylsuite package components

You should install all three components, as they work together. The parts include:


	methylprep: for processing idat files or downloading GEO datasets from NIH. Processing steps include


	infer type-I channel switch


	NOOB (normal-exponential convolution on out-of-band probe data)


	poobah (p-value with out-of-band array hybridization, for filtering low signal-to-noise probes)


	qualityMask (to exclude historically less reliable probes)


	nonlinear dye bias correction (AKA signal quantile normalization between red/green channels across a sample)


	calculate beta-value, m-value, or copy-number matrix


	large batch memory management, by splitting it up into smaller batches during processing






	methylcheck: (this package) for quality control (QC) and analysis, including


	functions for filtering out unreliable probes, based on the published literature


	Note that methylprep process will exclude a set of unreliable probes by default. You can disable that using the –no_quality_mask option from CLI.






	sample outlier detection


	array level QC plots of staining, bisulfite conversion, hybridization, extension, negative, non-polymorphic, target removal, and specificity


	spreadsheet summary of control probe performance


	data visualization functions based on seaborn and matplotlib graphic libraries.


	predict sex of human samples from probes


	interactive method for assigning samples to groups, based on array data, in a Jupyter notebook






	methylize provides more analysis and interpretation functions


	differentially methylated probe statistics (between treatment and control samples)


	differentially methylated regions, with gene annotation from the UCSC Human Genome Browser


	volcano plots (to identify probes that are the most different)


	manhattan plots (to identify clusters of probes associated with genomic regions that are different)










Installation

methylcheck maintains configuration files for your Python package manager of choice: pipenv [https://pipenv.readthedocs.io/en/latest/] or pip [https://pip.pypa.io/en/stable/]. Conda install is coming soon.

>>> pip install methylcheck





or if you want to install all three packages at once (recommended):

>>> pip install methylsuite







Tutorials and Guides

If you are new to DNA methylation analysis, we recommend reading through this introduction [https://life-epigenetics-methylprep.readthedocs-hosted.com/en/latest/introduction/introduction.md] from the methylprep documentation. Otherwise, you are ready to use methylcheck to:


	load processed methylation data


	filter unreliable probes from your data


	run array-level quality control reports


	detect outlier samples


	predict the sex of human samples
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Loading processed methylation data and checking beta distributions


Loading Beta Values and Metadata

We will continue working with the dataset referenced in the methylprep general walkthrough: GSE147391. It was processed from the command line with the following command:

>>> python -m methylprep process -d <filepath> --all





Where <filepath> is the directory where the raw IDAT files are stored. We use --all to tell methylprep to give us all the possible output files, which include:


	beta_values.pkl


	poobah_values.pkl


	control_probes.pkl


	m_values.pkl


	noob_meth_values.pkl


	noob_unmeth_values.pkl


	meth_values.pkl


	unmeth_values.pkl


	sample_sheet_meta_data.pkl




As well as folders that contain the processed methylation data in .csv files.


[1]:





import methylcheck
from pathlib import Path
filepath = Path('/Users/patriciagirardi/tutorial/GPL21145')

betas = methylcheck.load(filepath)
betas.head()













Files: 100%|██████████| 1/1 [00:00<00:00,  5.92it/s]
INFO:methylcheck.load_processed:loaded data (865859, 16) from 1 pickled files (0.222s)







[1]:
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Filtering Poor Quality Probes

Note: Separate from any filtering that methylcheck does, the qualityMask step of the methylprep processing pipeline excludes a list of probes that are historically poor quality (SeSAMe masks the same list of probes, which are from the Zhou 2016 paper [linked below]). This can be turned off in run_pipeline by specifying quality_mask=False if desired. There are several critera for exclusion of probes that methylcheck offers. These are designed to be in line with past
research that has identified “sketchy” probes. Areas that have polymorphisms, cross-hybridization, repeat sequence elements, or base color changes can affect probe quality. methylcheck’s list_problem_probes() function returns a list of probes excluded based on literature. For each array type, the publication list is as follows:


	450k: ‘Chen2013 [https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3592906/],’ ‘Price2013 [https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3740789/]’, ‘Zhou2016 [https://academic.oup.com/nar/article/45/4/e22/2290930]’, ‘Naeem2014 [https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3943510/]’, ‘DacaRoszak2015 [https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4659175/]’


	EPIC: ‘Zhou2016 [https://academic.oup.com/nar/article/45/4/e22/2290930]’, ‘McCartney2016 [https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4909830/]’




The articles are linked above, for any users that would like more detail on what probes are considered problematic and what criteria the authors have used to identify them. The lists are also formatted in the acceptable input style for the list_problem_probes function. See below for examples of its usage.


[1]:





import methylcheck
from pathlib import Path
filepath = Path('/Users/patriciagirardi/tutorial/GPL21145')








Available probe exclusion lists

We’ve imported lists of methylation probes that various researchers have previously deemed to be “sketchy.” You can use methylcheck to remove these probes – by referring to the list by the publication’s first author name, or by the reason these probes should be excluded from analysis.


[2]:





# this code will print the criteria reason (either a publication or a type of issue, like Polymorphism)
# as well as the number of probes excluded for that reason

criteria = ['Chen2013', 'Price2013', 'Naeem2014', 'DacaRoszak2015','Polymorphism',
             'CrossHybridization', 'BaseColorChange', 'RepeatSequenceElements']
EPIC_criteria = ['McCartney2016', 'Zhou2016', 'Polymorphism', 'CrossHybridization', 'BaseColorChange', 'RepeatSequenceElements']

print('450k probe exclusion criteria and number of probes excluded:')
for crit in criteria:
    print(crit, '--', len(methylcheck.list_problem_probes('450k', [crit])))

print('\nEPIC probe exclusion criteria and number of probes excluded:')
for crit in EPIC_criteria:
    print(crit, '--', len(methylcheck.list_problem_probes('EPIC', [crit])))













450k probe exclusion criteria and number of probes excluded:
Chen2013 -- 265410
Price2013 -- 213246
Naeem2014 -- 128695
DacaRoszak2015 -- 89678
Polymorphism -- 289952
CrossHybridization -- 92524
BaseColorChange -- 359
RepeatSequenceElements -- 96631

EPIC probe exclusion criteria and number of probes excluded:
McCartney2016 -- 326267
Zhou2016 -- 178671
Polymorphism -- 346033
CrossHybridization -- 108172
BaseColorChange -- 406
RepeatSequenceElements -- 0







[3]:





# users may also get the list of probe names that are excluded for any of the criteria
methylcheck.list_problem_probes(array='epic', criteria=['Polymorphism'])[0:5]








[3]:







['cg14670079', 'cg26778521', 'cg04785903', 'cg15989966', 'cg21932343']








Filtering poor quality probes


[4]:





# leave criteria undefined to list all problem probes for that array type
sketchy_probes_list = methylcheck.list_problem_probes(array='epic')








[5]:





df = methylcheck.load(filepath)

# with the sketchy_probes_list defined above, we can use methylcheck.exclude_probes() to remove all the unwanted probes
excluded_df = methylcheck.exclude_probes(df, sketchy_probes_list)
excluded_df.head()













Files: 100%|██████████| 1/1 [00:00<00:00,  4.75it/s]
INFO:methylcheck.load_processed:loaded data (865859, 16) from 1 pickled files (0.253s)












Of {len(df.index)} probes, {post_overlap} matched, yielding {len(df.index)-post_overlap} probes after filtering.







[5]:
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Quality Control


controls_report (a color-coded spreadsheet of control probe performance per sample)

methylcheck is geared toward quality control of processed data. To this end, there is a helpful function that summarizes performance of control probes (details on control probes here [https://support.illumina.com/content/dam/illumina-support/documents/documentation/chemistry_documentation/infinium_assays/infinium_hd_methylation/beadarray-controls-reporter-user-guide-1000000004009-00.pdf]). To run this function, the control_probes.pkl file output from methylprep is required. This
report ensures that the chemistry (bisulfite conversion, target specificity, hybridization, staining, etc.) and machine readings are acceptable.

There is an optional portion of this report that relies on values from the poobah file as well. If no poobah file is present, this part is ignored.

Check the guide linked above for more information on how to read these reports. They’re intuitively color-coded (green = passing, red = failing, yellow = somewhere in between) so they’re easy to read at a glance. There is a colorblind-friendly option included in this function.

We’ll walk through examples of the QC pipeline using pre-processed, filtered data (see the Filtering Probes page).


[1]:





import methylcheck
from pathlib import Path
filepath = Path('/Users/patriciagirardi/tutorial/GPL21145')








[2]:





df, metadata = methylcheck.load_both(filepath=filepath)
metadata.head()













INFO:methylcheck.load_processed:Found several meta_data files; attempting to match each with its respective beta_values files in same folders.
WARNING:methylcheck.load_processed:Columns in sample sheet meta data files does not match for these files and cannot be combined:['/Users/patriciagirardi/tutorial/GPL21145/GSE147391_GPL21145_meta_data.pkl', '/Users/patriciagirardi/tutorial/GPL21145/sample_sheet_meta_data.pkl']
INFO:methylcheck.load_processed:Multiple meta_data found. Only loading the first file.
INFO:methylcheck.load_processed:Loading 16 samples.
Files: 100%|██████████| 1/1 [00:00<00:00,  5.07it/s]
INFO:methylcheck.load_processed:loaded data (865859, 16) from 1 pickled files (0.223s)
INFO:methylcheck.load_processed:meta.Sample_IDs match data.index (OK)







[2]:
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Custom QC with pOOBAH Vales

This tutorial is meant for those who want to have more customization to their quality control of beta values. Methylprep provides some automatic QC by default, but in this tutorial, we will go over how to do this manually, and with customizable parameters.


[1]:





import methylcheck
import pandas as pd
import numpy as np







Filepath of the processed files (Download and processing performed with Methylprep package)


[2]:





fpath = 'data/GPL13534/'








Load the Beta Values in a dataframe

The columns are each probe in the methylation array and the rows are each sample in the dataset. Note that if you want the dataframe in this orientation, you will need to transpose it.

The reason behind why we are using the format='beta_csv' in methylcheck.load is because this loads the raw beta values without any processing. By default, methylprep does some QC on the beta values automatically and saves those new beta values in beta_values.pkl. Specifically, it removes failed probes using Sesame pOOBAH method where a specific probe is classified as failed when the p-value >= 0.05.

If you want to use the pOOBAH to mask beta values yourself, you must specify no_poobah=True. Otherwise, it will mask them automatically when the CSV is loaded into a dataframe.


[22]:





betas = methylcheck.load('data/GPL13534', format='beta_csv', no_poobah=True).T
#betas.index.name = 'Samples'
print(betas.shape)
betas.head()













Files: 100%|██████████| 121/121 [00:52<00:00,  2.30it/s]
INFO:methylcheck.load_processed:merging...
100%|██████████| 121/121 [00:00<00:00, 692.51it/s]












(121, 485577)







[22]:
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Outlier detection using Multidimensional Scaling (MDS)

Multidimensional scaling (MDS) is one method for comparing the similarity of samples–similar to PCA. MDS based on euclidean distance will also have identical results to PCA, because minimizing linear distance between points is effectively the same as maximizing linear correlation (the latter being what PCA does).

See StatQuest’s very helpful video [https://www.youtube.com/watch?v=GEn-_dAyYME] on MDS and PCoA for more details.

methylcheck allows users the option of filtering their data based on the results of MDS. The standard cut off is 1.5 standard deviations from the mean of the data, however users have the ability to adjust the cut off value if they are not satisfied by the filtering. After examining the MDS plot, press ‘enter’ to accept the cut-off as it is, or enter a new value and rerun the plot.

We will walk through an example of how to use MDS with this dataset from GEO: GSE111629 [https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE111629]. This is a large dataset (n=571) of patients with Parkinson’s Disease (n=335) and a group of controls (n=237). These blood samples were run on Illumina’s 450k arrays.

We downloaded the data from GEO and processed it with methylprep using the following command:

>>> python -m methylprep process -d <filepath> --all





WARNING: This is a huge dataset and methylprep will take +8 hours to process it. It will also eat up a lot of storage on your machine. We chose this data because it demonstrates the utility of the MDS function. We recommend users pick a different dataset to follow along this example!


[1]:





import methylcheck
import pandas as pd
from pathlib import Path
filepath = Path('/Users/patriciagirardi/methylcheck_tutorial')









[2]:





df = pd.read_pickle('~/methylcheck_tutorial/beta_values.pkl')
metadata = pd.read_pickle('~/methylcheck_tutorial/GSE111629_GPL13534_meta_data.pkl')
metadata.head()








[2]:
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API Reference







	methylcheck.cli

	



	methylcheck.run_pipeline

	



	methylcheck.run_qc

	



	methylcheck.read_geo

	



	methylcheck.load

	



	methylcheck.load_both

	



	methylcheck.qc_signal_intensity

	



	methylcheck.plot_M_vs_U

	



	methylcheck.plot_controls

	



	methylcheck.plot_beta_by_type

	



	methylcheck.probes

	



	methylcheck.list_problem_probes

	



	methylcheck.exclude_probes

	



	methylcheck.exclude_sex_control_probes

	



	methylcheck.drop_nan_probes

	



	methylcheck.samples

	



	methylcheck.sample_plot

	



	methylcheck.beta_density_plot

	



	methylcheck.mean_beta_plot

	



	methylcheck.mean_beta_compare

	



	methylcheck.beta_mds_plot

	



	methylcheck.combine_mds

	



	methylcheck.cumulative_sum_beta_distribution

	



	methylcheck.predict

	



	methylcheck.get_sex

	



	methylcheck.assign

	







Loading Data



ReportPDF Report Builder class



Run QC pipeline



filtering probes



plotting functions



sex prediction
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Release History


v0.8.5


	functions support .parquet files as input (produced by methylprep pipeline v1.7.0 or higher)


	methylcheck.load() includes a ‘control’ format that returns a dictionary of dataframes, keyed to sample names.


	consistent flexible function inputs: Any function that accepted a filepath or dataframe as first parameter
now accepts either of these interchangeably, except for loading functions and Report classes; these cannot handle dataframe inputs: ControlsReport; ReportPDF; load(); load_both(); combine_mds().


	improved .load speed






v0.8.4


	get_sex bug fixes; supports plots, returning figure, returning labels, or returning predicted sex dataframe


	add testing via github actions


	updated documentation






v0.8.2


	added support for sample sheets with the legacy Illumina [Header] … [Data] format. This requires methylprep
be installed for the controls report to run now.






v0.8.1


	.load gives clearer error when loading beta values from CSVs (‘beta_csv’) if probe names are not unique,
and returns a list of series for each sample when indeces fail to merge (pandas.concat)


	.beta_mds_plot() can now suppress the interactive portion and still display plots, using silent=True and plot=True
(plot is a new kwarg, and defaults to True). Previously silent mode would suppress both prompts and plot display.
Change in behavior: silent mode will not disable plotting. Must also include plot=False for that.






v0.8.0


	Fixed bug in .load that requires tqdm >= 4.61.2


	Added more detailed error message on .load; it cannot load and merge two meth/unmeth dataframes with redundant probe names.






v0.7.9


	ReportPDF accepts ‘poobah_colormap’ kwarg to feed in beta_mds_plot colormap.


	ReportPDF custom tables: You can insert your custom table on the first page by specifying ‘order_after’ == None.


	beta_mds_plot palette can now be any matplotlib colormap name. Defaults to ‘magma’ if not specified. The palette
is only used to color-code poobah failure rates, if the poobah file path is specified.


	beta_mds_plot new kwarg extend_poobah_range: Default (True) shows 7 colors for poobah failure rates. If False, will show only 5.






v0.7.6


	Reading IDATs loading bar didn’t work correctly, showed up after loading.


	Fixed error/logging messages:


	exclude_sex_control_probes() said 916 control probes were removed, then said “it appears your sample had no control probes”


	Erroneous message about missing values in poobah file: “color coding may be inaccurate.”


	Filtering probes info message said there were N samples when it meant probes.


	methylprep.download.build_composite_dataset() Process time was negative.






	Target Removal and Staining graphs in plot_controls() had unreadable X-axis sample names. Labels are suppressed when
showing more than 30 samples.


	methylcheck.detect_array() sometimes returned array types in wrong case. All functions expect lowercase array types now.


	resolves exclude_sex_control_probes bugs.






	run_qc() and get_sex() did not recognize poobah_values.pkl on MacOS when using “~” in the filepath.


	methylcheck.problem_probe_reasons() lists probes matching any/all criteria when passing in no arguments, as documented


	get_sex() understands samplesheet ‘m’ and ‘f’ when not capitalized now.


	Load_both: always returns dataframe with probes in rows now, like .load() does.


	plot_M_vs_U now loads the noob_meth_values.pkl files if noob=True and files are found; otherwise it uses whatever meth/unmeth data is available.


	Methylcheck.qc_plot.qc_signal_intensity returns a dictionary of data about good/bad samples based on signal intensity.
Previously it was only returning this if ‘plot’ was False.


	controls_report() bug fixed: methylprep was producing samplesheet meta data pickles that contained Sample_ID twice,
because the GEO series_matrix files had this data appear twice. This broke the report, but this case is caught and avoided now.
controls_report() will recognize a wider array of samplesheet filenames now; anything with ‘samplesheet’ or ‘meta_data’ in the filename.






v0.7.5


	added ‘methylcheck report’ CLI option to create a ReportPDF


	updated documentation


	minor bug fixes in read_geo()


	qc_plot() now handles mouse probe type differently


	handles importing from multiple pandas versions correctly


	read_geo can open series_matrix.txt files now










v0.7.4


	fixed big where csv data_files were not included in pypi






v0.7.3


	Improved ReportPDF custom tables option


	if fields are too long, it will truncate them or auto scale the font size smaller to fit on page.










v0.7.2


	added GCT score to controls_report() used in the ReportPDF class.


	ReportPDF changes


	uses noob_meth/unmeth instead of raw, uncorrected meth/unmeth values for GCT and U vs M plot


	inverted poobah table to report percent passing (instead of failing) probes per sample


	this changed input from ‘poobah_max_percent’ (default 5%) to ‘poobah_min_percent’, (default 80%)


	M_vs_U not included by default, because redundant with qc_signal_intensity


	M_vs_U compare=True now labels each sample and has legend, so you can see effect of NOOB+dye correction on batch


	added poobah color-coding to MDS plot






	get_sex improved plotting


	will read poobah data and size sample points according to percent of failed probes


	save plots, or return fig, and more options now










v0.7.1


	Added a controls_report() function that creates a spreadsheet summary of control probe performance.


	
	New unit test coverage. Note that because methylprep v1.4.0 changes processing, the results will change slightly

	to match sesame instead of minfi, with nonlinear-dye-bias correction and infer-type-I-probe-switching.







	changed org name from FoxoBioScience to FoxoTech






v0.7.0


	Illumina Mouse Array Support


	Complete rewrite of documentation


	qc_signal_intensity and plot_M_vs_U have additional options, including superimposing poobah (percent probe failures per sample) on the plot coloring.


	.load will work on control_probes.pkl and mouse_probes.pkl files (with alt structure: dictionary of dataframe)


	.sample_plot uses “best” legend positioning now, because it was not fitting on screen with prev settings.






v0.6.4


	get_sex() function returns a dataframe that also includes percent of X and Y probes that failed p-value-probe detection, as an indication of whether the predicted sex is reliable.


	better unit test coverage of predictions, load, load_both, and container_to_pkl functions


	fixed bug in load( ‘meth_df’)






v0.6.3


	fixed bug in detect_array() where it labeled EPIC+ as EPIC






v0.6.2


	minor fixes to load() and read_geo()


	exclude_probes() accepts problem_probes criteria as alternate way to specify probes.


	Exclude probes from a df of samples. Use list_problem_probes() to obtain a list of probes (or pass in the names of ‘Criteria’ from problem probes), then pass that in as a probe_list along with the dataframe of beta values (array)






	load_processed now has a –no_filter=False option that will remove probes that failed p-value detection, if passing in beta_values.pkl and poobah_values.pkl files.


	load() now handles gzipped files the same way (so .pkl.gz or .csv.gz OK as file or folder inputs)


	seaborn v0.10 –> v0.11 deprecrated the distplot() function that was used heavily. So now this employs kdeplot() in its place, with similar results.






v0.6.1


	exposed more beta_density_plot parameters, so it can be used to make a QC plot (highlighting one
or several samples within a larger batch, and graying out the others in the plot).






v0.6.0


	improved read_geo() function, for downloading GEO methylation data sets and parsing meta_data from projects.


	changed org name from life-epigenetics to FoxoBioScience on Github.






v0.5.9


	qc_plot bug fixes -99






v0.5.7


	-99 bug in negative controls fixed






v0.5.4


	tweaking custom-tables in ReportPDF






v0.5.2


	ReportPDF.run_qc() supports on_lambda, and any functions that require .methylprep_manifest_files can be set to look for manifests in /tmp using on_lambda=True






v0.5.1


	sklearn now optional for MDS






v0.5.0


	adds kwargs to functions for silent processing returning figure objects, and a report_pdf class that can run QC and generate a PDF report.


	added version


	p-value probe detection


	hdbscan clustering functions


	more QC methods testing






v0.4.0


	more tests, smart about df orientation, and re-organized files


	added read_geo() for processed datafiles, and unit tests for it. Works with txt,csv,xlsx,pkl files


	read_geo() docs


	debugged filters.list_problem_probes:


	updated the docs to have correct spelling for refs/reasons.


	added a function that lets you see more detail on the probes and reasons/pubs criteria


	added more genome studio QC functions,


	improved .load function (but not consolidated through methyl-suite yet)


	function .assign() for manually categorizing samples


	unit testing on the predict.sex function


	get_sex() prediction






	consolidated data loading for functions and uses fastest option
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methylcheck is a Python-based package for filtering and visualizing Illumina methylation array data. The focus is on quality control. View on ReadTheDocs. [https://life-epigenetics-methylcheck.readthedocs-hosted.com/en/latest/]
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 [https://raw.githubusercontent.com/FoxoTech/methylcheck/master/docs/methylcheck_overview.png]
methylcheck is part of the methylsuite

methylcheck is part of the methylsuite [https://pypi.org/project/methylsuite/] of python packages that provide functions to process and analyze DNA methylation data from Illumina’s Infinium arrays (27k, 450k, and EPIC, as well as mouse arrays). This package is focused on quality control for processed methylation data.

methylcheck functions are designed to work with a minimum of knowledge and specification required. But you can always override the “smart” defaults with custom settings if the default settings don’t work for your data. The entire methylsuite is designed in this format: to offer ease of use while still maintaining flexibility for customization as needed.



Methylsuite package components

You should install all three components, as they work together. The parts include:


	methylprep: for processing idat files or downloading GEO datasets from NIH. Processing steps include


	infer type-I channel switch


	NOOB (normal-exponential convolution on out-of-band probe data)


	poobah (p-value with out-of-band array hybridization, for filtering low signal-to-noise probes)


	qualityMask (to exclude historically less reliable probes)


	nonlinear dye bias correction (AKA signal quantile normalization between red/green channels across a sample)


	calculate beta-value, m-value, or copy-number matrix


	large batch memory management, by splitting it up into smaller batches during processing






	methylcheck: (this package) for quality control (QC) and analysis, including


	functions for filtering out unreliable probes, based on the published literature


	Note that methylprep process will exclude a set of unreliable probes by default. You can disable that using the –no_quality_mask option from CLI.






	sample outlier detection


	array level QC plots of staining, bisulfite conversion, hybridization, extension, negative, non-polymorphic, target removal, and specificity


	spreadsheet summary of control probe performance


	data visualization functions based on seaborn and matplotlib graphic libraries.


	predict sex of human samples from probes


	interactive method for assigning samples to groups, based on array data, in a Jupyter notebook






	methylize provides more analysis and interpretation functions


	differentially methylated probe statistics (between treatment and control samples)


	differentially methylated regions, with gene annotation from the UCSC Human Genome Browser


	volcano plots (to identify probes that are the most different)


	manhattan plots (to identify clusters of probes associated with genomic regions that are different)










Installation

methylcheck maintains configuration files for your Python package manager of choice: pipenv [https://pipenv.readthedocs.io/en/latest/] or pip [https://pip.pypa.io/en/stable/]. Conda install is coming soon.

>>> pip install methylcheck





or if you want to install all three packages at once (recommended):

>>> pip install methylsuite







Tutorials and Guides

If you are new to DNA methylation analysis, we recommend reading through this introduction [https://life-epigenetics-methylprep.readthedocs-hosted.com/en/latest/introduction/introduction.md] from the methylprep documentation. Otherwise, you are ready to use methylcheck to:


	load processed methylation data


	filter unreliable probes from your data


	run array-level quality control reports


	detect outlier samples


	predict the sex of human samples
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# add directory of function to path
import sys
sys.path.append("/Users/nrigby/GitHub/methylcheck/methylcheck/")
sys.path.append("/Users/nrigby/GitHub/methylprep/methylprep/")

# from methylprep
import import_utils as io
import rg_channel_set as rgset
import preprocess as preprocess
import postprocess as postprocess

# from methylcheck
import postprocessQC as postQC

# ignore warnings for now
import warnings
warnings.filterwarnings('ignore')













---------------------------------------------------------------------------
ImportError                               Traceback (most recent call last)
<ipython-input-1-eed484728999> in <module>
      5
      6 # from methylprep
----> 7 import import_utils as io
      8 import rg_channel_set as rgset
      9 import preprocess as preprocess

ImportError: bad magic number in 'import_utils': b'\x03\xf3\r\n'
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# read in the sample sheet for the experiment
baseDir = "/Users/nrigby/GitHub/methylcheck/docs/example_data/GSE69852//"
sheet = io.read_sample_sheet(baseDir)
sheet
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# Run the following to sync data
#!mkdir ~/GitHub/junk-drawer-analyses/geneseek_data
#!aws s3 sync s3://legx-geneseek/technical-variation-projects/working-data/ ~/GitHub/junk-drawer-analyses/geneseek_data









Import modules
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from methylprep import run_pipeline
from scipy import stats
from statsmodels.distributions.empirical_distribution import ECDF
import pandas as pd
import numpy as np









Define functions
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def pval_minfi(data_containers):

    # Pull M and U values
    meth = pd.DataFrame(data_containers[0]._SampleDataContainer__data_frame.index)
    unmeth = pd.DataFrame(data_containers[0]._SampleDataContainer__data_frame.index)

    for i,c in enumerate(data_containers):
        sample = data_containers[i].sample
        m = c._SampleDataContainer__data_frame.rename(columns={'meth':sample})
        u = c._SampleDataContainer__data_frame.rename(columns={'unmeth':sample})
        meth = pd.merge(left=meth,right=m[sample],left_on='IlmnID',right_on='IlmnID',)
        unmeth = pd.merge(left=unmeth,right=u[sample],left_on='IlmnID',right_on='IlmnID')

    # Create empty dataframes for red and green negative controls
    negctlsR = pd.DataFrame(data_containers[0].ctrl_red['Extended_Type'])
    negctlsG = pd.DataFrame(data_containers[0].ctrl_green['Extended_Type'])

    # Fill red and green dataframes
    for i,c in enumerate(data_containers):
        sample = str(data_containers[i].sample)
        dfR = c.ctrl_red
        dfR = dfR[dfR['Control_Type']=='NEGATIVE']
        dfR = dfR[['Extended_Type','mean_value']].rename(columns={'mean_value':sample})
        dfG = c.ctrl_green
        dfG = dfG[dfG['Control_Type']=='NEGATIVE']
        dfG = dfG[['Extended_Type','mean_value']].rename(columns={'mean_value':sample})
        negctlsR = pd.merge(left=negctlsR,right=dfR,on='Extended_Type')
        negctlsG = pd.merge(left=negctlsG,right=dfG,on='Extended_Type')

    # Reset index on dataframes
    negctlsG = negctlsG.set_index('Extended_Type')
    negctlsR = negctlsR.set_index('Extended_Type')

    # Get M and U values for IG, IR and II

    # first pull out sections of manifest (will be used to identify which probes belong to each IG, IR, II)
    manifest = data_containers[0].manifest.data_frame[['Infinium_Design_Type','Color_Channel']]
    IG = manifest[(manifest['Color_Channel']=='Grn') & (manifest['Infinium_Design_Type']=='I')]
    IR = manifest[(manifest['Color_Channel']=='Red') & (manifest['Infinium_Design_Type']=='I')]
    II = manifest[manifest['Infinium_Design_Type']=='II']

    # second merge with meth and unmeth dataframes
    IG_meth = pd.merge(left=IG,right=meth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    IG_unmeth = pd.merge(left=IG,right=unmeth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    IR_meth = pd.merge(left=IR,right=meth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    IR_unmeth = pd.merge(left=IR,right=unmeth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    II_meth = pd.merge(left=II,right=meth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    II_unmeth = pd.merge(left=II,right=unmeth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')

    # Calcuate parameters
    sdG = stats.median_absolute_deviation(negctlsG)
    muG = np.median(negctlsG,axis=0)
    sdR = stats.median_absolute_deviation(negctlsR)
    muR = np.median(negctlsR,axis=0)

    # calculate p values for type 1 Red
    pIR = pd.DataFrame(index=IR_meth.index,
                   data=1 - stats.norm.cdf(IR_meth+IR_unmeth,2*muR,2*sdR),
                   columns=IR_meth.columns)

    # calculate p values for type 1 Green
    pIG = pd.DataFrame(index=IG_meth.index,
                   data=1 - stats.norm.cdf(IG_meth+IG_unmeth,2*muG,2*sdG),
                   columns=IG_meth.columns)

    # calculat4e p values for type II
    pII = pd.DataFrame(index=II_meth.index,
                  data=1-stats.norm.cdf(II_meth+II_unmeth,muR+muG,sdR+sdG),
                  columns=II_meth.columns)
    # concat and sort
    pval = pd.concat([pIR, pIG, pII])
    pval = pval.sort_values(by='IlmnID')
    return pval
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def pval_sesame(data_containers):
    # Pull M and U values
    meth = pd.DataFrame(data_containers[0]._SampleDataContainer__data_frame.index)
    unmeth = pd.DataFrame(data_containers[0]._SampleDataContainer__data_frame.index)

    for i,c in enumerate(data_containers):
        sample = data_containers[i].sample
        m = c._SampleDataContainer__data_frame.rename(columns={'meth':sample})
        u = c._SampleDataContainer__data_frame.rename(columns={'unmeth':sample})
        meth = pd.merge(left=meth,right=m[sample],left_on='IlmnID',right_on='IlmnID',)
        unmeth = pd.merge(left=unmeth,right=u[sample],left_on='IlmnID',right_on='IlmnID')

    # Separate M and U values for IG, IR and II
    # first pull out sections of manifest (will be used to identify which probes belong to each IG, IR, II)
    manifest = data_containers[0].manifest.data_frame[['Infinium_Design_Type','Color_Channel']]
    IG = manifest[(manifest['Color_Channel']=='Grn') & (manifest['Infinium_Design_Type']=='I')]
    IR = manifest[(manifest['Color_Channel']=='Red') & (manifest['Infinium_Design_Type']=='I')]
    II = manifest[manifest['Infinium_Design_Type']=='II']

    # second merge with meth and unmeth dataframes
    IG_meth = pd.merge(left=IG,right=meth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    IG_unmeth = pd.merge(left=IG,right=unmeth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    IR_meth = pd.merge(left=IR,right=meth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    IR_unmeth = pd.merge(left=IR,right=unmeth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    II_meth = pd.merge(left=II,right=meth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')
    II_unmeth = pd.merge(left=II,right=unmeth,on='IlmnID').drop(columns=['Infinium_Design_Type','Color_Channel']).set_index('IlmnID')

    pval = pd.DataFrame(data=manifest.index,columns=['IlmnID'])
    for i,c in enumerate(data_containers):
        funcG = ECDF(data_containers[i].oob_green['mean_value'].values)
        funcR = ECDF(data_containers[i].oob_red['mean_value'].values)
        sample = data_containers[i].sample
        pIR = pd.DataFrame(index=IR_meth.index,data=1-np.maximum(funcR(IR_meth[sample]), funcR(IR_unmeth[sample])),columns=[sample])
        pIG = pd.DataFrame(index=IG_meth.index,data=1-np.maximum(funcG(IG_meth[sample]), funcG(IG_unmeth[sample])),columns=[sample])
        pII = pd.DataFrame(index=II_meth.index,data=1-np.maximum(funcG(II_meth[sample]), funcR(II_unmeth[sample])),columns=[sample])
        p = pd.concat([pIR,pIG,pII]).reset_index()
        pval = pd.merge(pval,p)
    return pval









Run pipeline & calculate p-values


Project 1


[5]:





# save beta values
project_data_containers = run_pipeline(data_dir='../geneseek_data/Geneseek_HUMMETV01_20190714/',
                                        betas=True,
                                        sample_sheet_filepath='../geneseek_data/Geneseek_HUMMETV01_20190714/samplesheet.csv',
                                   )
!mv beta_values.pkl ../geneseek_data/Geneseek_HUMMETV01_20190714/














100%|██████████| 8/8 [02:24<00:00, 18.09s/it]
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# get uncorrected values
project_data_containers = run_pipeline(data_dir='../geneseek_data/Geneseek_HUMMETV01_20190714/',
                                        save_uncorrected=True,
                                        sample_sheet_filepath='../geneseek_data/Geneseek_HUMMETV01_20190714/samplesheet.csv',
                                   )














100%|██████████| 8/8 [02:31<00:00, 19.02s/it]
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pval_minfi_df = pval_minfi(project_data_containers)
pval_sesame_df = pval_sesame(project_data_containers)
pval_minfi_df.to_csv('../geneseek_data/Geneseek_HUMMETV01_20190714/pvals_minfi.csv',index=True,header=True)
pval_sesame_df.to_csv('../geneseek_data/Geneseek_HUMMETV01_20190714/pvals_sesame.csv',index=True,header=True)













//anaconda3/lib/python3.7/site-packages/scipy/stats/_distn_infrastructure.py:901: RuntimeWarning: invalid value encountered in greater
  return (a < x) & (x < b)
//anaconda3/lib/python3.7/site-packages/scipy/stats/_distn_infrastructure.py:901: RuntimeWarning: invalid value encountered in less
  return (a < x) & (x < b)
//anaconda3/lib/python3.7/site-packages/scipy/stats/_distn_infrastructure.py:1807: RuntimeWarning: invalid value encountered in greater_equal
  cond2 = (x >= _b) & cond0
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# save beta values
project_data_containers = run_pipeline(data_dir='../geneseek_data/Geneseek_RND_HUMMETV01_20190923/',
                                        betas=True,
                                        sample_sheet_filepath='../geneseek_data/Geneseek_RND_HUMMETV01_20190923/samplesheet.csv')

!mv beta_values* ../geneseek_data/Geneseek_RND_HUMMETV01_20190923/














100%|██████████| 120/120 [37:38<00:00, 20.49s/it]
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# get uncorrected values
project_data_containers = run_pipeline(data_dir='../geneseek_data/Geneseek_RND_HUMMETV01_20190923/',
                                        save_uncorrected=True,
                                        sample_sheet_filepath='../geneseek_data/Geneseek_RND_HUMMETV01_20190923/samplesheet.csv')














100%|██████████| 120/120 [39:56<00:00, 24.27s/it]
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pval_minfi_df = pval_minfi(project_data_containers)
pval_sesame_df = pval_sesame(project_data_containers)
pval_minfi_df.to_csv('../geneseek_data/Geneseek_RND_HUMMETV01_20190923/pvals_minfi.csv',index=True,header=True)
pval_sesame_df.to_csv('../geneseek_data/Geneseek_RND_HUMMETV01_20190923/pvals_sesame.csv',index=True,header=True)









Project 3


[11]:





project_data_containers = run_pipeline(data_dir='../geneseek_data/Geneseek_HUMMETV01_20190903/',
                                        betas=True,
                                        sample_sheet_filepath='../geneseek_data/Geneseek_HUMMETV01_20190903/samplesheet.csv')

!mv beta_values* ../geneseek_data/Geneseek_HUMMETV01_20190903/














100%|██████████| 8/8 [02:22<00:00, 17.83s/it]
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project_data_containers = run_pipeline(data_dir='../geneseek_data/Geneseek_HUMMETV01_20190903/',
                                        save_uncorrected=True,
                                        sample_sheet_filepath='../geneseek_data/Geneseek_HUMMETV01_20190903/samplesheet.csv')















100%|██████████| 8/8 [02:34<00:00, 19.20s/it]
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pval_minfi_df = pval_minfi(project_data_containers)
pval_sesame_df = pval_sesame(project_data_containers)
pval_minfi_df.to_csv('../geneseek_data/Geneseek_HUMMETV01_20190903/pvals_minfi.csv',index=True,header=True)
pval_sesame_df.to_csv('../geneseek_data/Geneseek_HUMMETV01_20190903/pvals_sesame.csv',index=True,header=True)
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project_data_containers = run_pipeline(data_dir = '../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/',
                                       betas=True,
                                       sample_sheet_filepath='../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/samplesheet.csv')

!mv beta_values* ../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/













100%|██████████| 16/16 [04:51<00:00, 18.38s/it]
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project_data_containers = run_pipeline(data_dir = '../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/',
                                       save_uncorrected=True,
                                       sample_sheet_filepath='../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/samplesheet.csv')















100%|██████████| 16/16 [05:04<00:00, 19.05s/it]
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pval_minfi_df = pval_minfi(project_data_containers)
pval_sesame_df = pval_sesame(project_data_containers)
pval_minfi_df.to_csv('../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/pvals_minfi.csv',index=True,header=True)
pval_sesame_df.to_csv('../geneseek_data/Geneseek_RND_2_HUMMETV01_20191014/pvals_sesame.csv',index=True,header=True)
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# add directory of function to path
import sys
sys.path.append("/Users/nrigby/GitHub/methylcheck/methylcheck/")
sys.path.append("/Users/nrigby/GitHub/methylprep/methylprep/")

# from methylprep
import import_utils as io
import rg_channel_set as rgset
import preprocess as preprocess
import postprocess as postprocess

# from methylcheck
import rawQC as rawQC

# ignore warnings for now
import warnings
warnings.filterwarnings('ignore')
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# read in the sample sheet for the experiment
baseDir = "/Users/nrigby/GitHub/methylcheck/docs/example_data/GSE69852/"
sheet = io.read_sample_sheet(baseDir)
sheet








[2]:
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