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Introduction

It’s hard to believe that the first draft of the human genome was com-
pleted 19 years ago'. In 2001, we had high hopes for what this body
of knowledge would unlock in the understanding of our own being.
Nearly two decades later, researchers like you are still innovating,
creating new ways to sequence and analyze genomic data in quanti-
ties and velocities unlike anything we have previously experienced.
As a result, we now see frequent and astonishing advancements in
precision medicine, understanding diseases, developing treatments
and vaccines, and more.

It is now estimated that, by 2025, we will use 40 exabytes of stor-
age to house human genomic data*. To put that growth into per-
spective, 5 exabytes can hold all the words ever spoken by humans?.
In addition, we can assume that compute needs to process this vast
amount of data will likewise continue to grow. This estimate does not
even begin to factor genomic data from other organisms, but we can
expect the growth of genomics research in plant biology, infectious
diseases, and other species will certainly follow suit.

Given this flood of data, research organizations have two options:
1) continue to purchase large amounts of computing and storage
equipment, or 2) utilize the flexibility and scalability of the cloud to
do the heavy lifting.

With Microsoft Azure, organizations across industries have been
experiencing the power of harnessing the cloud to do more with their
data. The cloud offers a secure and flexible environment to easily
spin up storage or compute services without having to manage the
underlying architecture, reducing the time to gain insights from your
data. The genomics field, however, is a little behind the curve when it
comes to taking advantage of cloud computing services.

In this book, we will discuss the utility of Azure Data Lake and
how this flexible storage option promotes collaboration and scalabil-
ity in your genomics practice while also ensuring a secure and stable
environment for your genomics data. Plus, with its easy integration
with other Azure services, orchestrating and automating data move-
ment and bioinformatics pipelines has never been easier (or faster).



About Azure Data Lake

Azure Data Lake Storage (ADLS) is a massively scalable and secure
data storage option that is perfect for housing genomics data. When
you begin interacting with it, it will seem familiar, almost like Mi-
crosoft Office OneDrive, Google Drive, or Dropbox. You can store
practically all types of files of any size in ADLS and organize them
how you like.

At its core, ADLS is built on top of Azure Blob Storage, a popular
storage option for unstructured and big data solutions, but with
some exciting features on top.

ADLS provides a which allows us to organize
files in a familiar manner in the cloud. More specifically, this allows
us to understand our data lake’s organization as if it is any other file
system that we are used to on our local desktop computer.

ADLS also is optimized for performance. When you are ready
to begin analyzing your data in Azure, simply point your compute
service to the data lake to serve up your data efficiently. This per-
formance gain is exemplified when it comes to distributed services
that use the , such as ,

, or

TO LEARN MORE ABOUT AZURE DATA LAKE STORAGE, VISIT


https://docs.microsoft.com/en-us/azure/storage/blobs/data-lake-storage-namespace
https://hadoop.apache.org/docs/current/hadoop-project-dist/hadoop-common/filesystem/index.html
https://azure.microsoft.com/en-us/services/databricks/
https://azure.microsoft.com/en-us/services/synapse-analytics/
https://azure.microsoft.com/en-us/services/synapse-analytics/
https://azure.microsoft.com/en-us/services/hdinsight/
https://azure.microsoft.com/en-us/services/storage/data-lake-storage/
https://azure.microsoft.com/en-us/services/storage/data-lake-storage/
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Setting Up a Data Lake in Azure

To begin setting up your genomics data lake, let’s start by provision-
ing your Azure Data Lake service. Assuming you already have an
Azure tenant and subscription, navigate to the Azure Portal. Once
there, click on + Create a resource either at the top of the screen or
from the menu on the left.

From the New screen, search for "Storage Account”. Select the
Storage Account option from Microsoft.

Click Create on the next screen.

On the Basics tab in the form, select your desired Subscription,
select (or create) your desired resource group, and pick a Storage
account name.

As for the rest of the options, here are some recommendations for
the next few tabs:

e Basics

- Location: Pick the region that is closest to you or the region
closest to your other large data sources.

— Performance: This option is a cost vs. speed question. Stan-
dard accounts use traditional (slower) magnetic drives, but are
cheaper and better for bulk amounts of infrequently accessed
storage. Premium accounts use solid state drives and are faster
and provide lower latency.

— Account kind: Use "StorageV2".

— Replication: This option dictates where your data is replicated
outside of its primary location. To learn more about replication

options, visit azure.microsoft.com/documentation/articles/storage-

redundancy/
¢ Networking

— Connectivity method: Depending on your security require-
ments, you may need to only access the data lake from a private
endpoint. If you are unsure, select "Public endpoint (selected
networks)" for now.

— Routing preferences: Use "Microsoft network routing".

¢ Data protection
(If you plan on housing multiple terabytes of data in your data
lake, leave these options off. Since using a hierarchical namespace
is recommended, you cannot use these features.)

|- Create a resource

£ Search resourc

Azure services

A Home
[ Dashboard )
[a—
i= All services
Create a Help + support
F* EAVORITES resource
£E All resources
[+4) Resource groups Recent resources
= Microsoft Azure 0 Search resources, services
Home >
New
| [ storage accoun |
Azure Marketplace  see al Popular
Get started Windows Server 2016 Datacenter
Quickstarts + tutorials
Recently created
Al + Machine Learning Ubuntu Server 18.04 LTS
Lear more
Analytics
Blockchain Web App
© [
= Microsoft Azure P Search resources, services, and docs
Home > New
Marketplace

Private Marketplace (PREVIEW)

Service Providers

Categories

A1+ Machine Learning

5 Storage Account

Showing All Results

Storage account

Microsoft

Create o

Create M

= Microsoft Azure

Home > New > Mal

ricetplace >

Storage account =

Microsoft

Create storage account

P Searchr

Storage account © addto ravortes

Microsoft

ot eworking



https://azure.microsoft.com/en-us/free/
https://portal.azure.com
https://azure.microsoft.com/documentation/articles/storage-redundancy/
https://azure.microsoft.com/documentation/articles/storage-redundancy/

ABOUT AZURE DATA LAKE

- Recovery and Tracking: Point-in-time restore, soft delete, and

versioning are great features for rolling back changes or dele-

tions in your data lake or retaining multiple historical versions

of your data.

e Advanced

- Security: Use default settings.

— Blob storage: Use default settings.

— Data Lake Storage Genz: Enable Hierarchical namespace.

Once you have selected your desired options for your data lake,

navigate to the last tab called Review + create. Once the Portal per-

forms some validation checks on your selections, you can then click

the Create button at the bottom. The data lake should only take a

few minutes to provision.

= Microsoft Azure 2 Search resources, services, and docs (G+/

Home >

== genomicsdls =

Storage account

|/'-7 ISearch (Ctrl+/) | «

p— A
= Overview

Activity log
€ Tags
Z? Diagnose and solve problems
Ao Access Control (JAM)
W Data transfer
Events

Z= Storage Explorer (preview)
Settings
Access keys

@ Geo-replication

&

CORS

Configuration

[ma]

Encryption

@

Shared access signature
“ Netwaorking

Q' security

= Static website
Properties

B Locks

Data Lake Storage

Z& Open in Explorer —> Move () Refresh

cford@bluegranite.com &

BLUEGRANITE. INC. 4.

[ Delete (';) Feedback

o Classic alerts in Azure Monitor is announced to retire in 2021, it is recommended that you upgrade your classic
alert rules to retain alerting functionality with the new alerting platform. For more information,
see Continue alerting with ARM storage accounts. '

# Essentials

Resource group (change)
genomics-dev

Status
Primary: Available

Location
East US

Subscription (change)
BlueGranite

Subscription ID

Tags (change)
Click here to add tags

i Containers
Massively scalable data lake
storage

Learn more

g Tables
Tabular data storage

Learn mare

JSON View

Performance/Access tier
Standard/Hot

Replication
Locally-redundant storage (LRS)

Account kind
StorageVz (general purpose v2)

i File shares
Serverless SMB and NFS file
shares

Learn maore

Queues
Effectively scale apps according
to traffic

5

Learn more
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Azure Storage Explorer

Azure Storage Explorer provides an easy-to-use graphical interface
for interacting with your data lake. This tool, provided by Microsoft,
allows users to browse, search, open, download, and upload files
into their data lake in Azure. This tool is also useful in setting access
control policies on individual files or folders.

To begin, download Azure Storage Explorer from

Once installed, click on the plug icon on the left sidebar and follow
the prompts to connect.
After you have logged in, you can now peruse your data lake with

ease.

AzCopy

AzCopy is a command-line tool for copying data to and from Azure
Data Lake. This simple tool makes it easy to copy files between your
local file system and your cloud data lake and even works well on
rather large files. This is useful for scenarios where manual move-
ment of data to and from the cloud is unavoidable. To begin, down-
load AzCopy from

Once installed, using the tool is very similar to the cp command in
Linux. First, login to your Azure account from the command line us-

a1 Microsoft Azure Storage Explorer

File Edit View Help

Collapse All Refresh All

=% Quick Access
4 ” Local & Attached
b = Storage Accounts
» & Cosmos DB Accounts (Deprecated)

b [ Data Lake Storage Gen1 (Preview)

ing azcopy login and then run: azcopy copy <local-file-path> <data-lake-uri>

to copy a file up to the data lake.
To download a file, simply switch the order of the file path and the
data lake URI: azcopy copy <data-lake-uri> <local-file-path> .


https://azure.microsoft.com/features/storage-explorer/
https://docs.microsoft.com/en-us/azure/storage/common/storage-use-azcopy-v10
https://docs.microsoft.com/en-us/azure/storage/common/storage-use-azcopy-v10

Organizing for Genomics

In a data lake, organization is key as it sets the standard for placing
your data in the appropriate locations such that it is easily retriev-
able, cataloged, and can be secured appropriately. In reference archi-
tectures, you may see data lakes separated by zones dictating which
data goes together, its purpose, and who should be able to access it.
Another way to think about this is to categorize your data by its level
of preparation into Bronze, Silver, and Gold zones.

Bronze

The Bronze area of a data lake serves as the ingestion point for raw
data, which is often the unprocessed data from source systems. In
genomics, this often translates to the place where you keep the data
that comes directly from your sequencing process. This could be
multiplexed sample files or outputs from an Illumina sequencing run
(such as .bcl files).

Depending on your genomics practice, your raw data may instead

be individual samples (. fasta or .fastq files) or accompanying data.

Either way, this zone serves as the starting point to contain your data
in its most basic form.

Silver

Continuing on, the Silver area of the data lake serves multiple pur-
poses. It houses data that is a bit more refined, curated, or enriched.
For genomics, this zone should house your data that has been pro-
cessed such as data resulting from secondary and tertiary analyses.
This includes alignments (.sam or .banm files), the results of variant
analyses (.vcf), annotations (.gff), population analyses (.bgen), or
results from analyses seen in other -omics areas (e.g., phylogenetic
trees, .allc, or .pdb files).

In addition, this zone can also include accessory data that is used
to enrich your other data. For example, this could be phenotype in-
formation or maybe electronic medical records (EMR), any data that
can be used to augment the insights from the main genetic informa-
tion. The purpose of the Silver zone is to serve analytical use cases
such as downstream machine learning or statistical analyses.

fastq, .fasta, .bcl

’i') Bronze

Secondary
& Tertiary
Analyses

Reference
Data

Phenotypes,
EMR, .gff

GWAS and Machine
Statistics Learning

L2

.CsV, .parquet, .xlsx
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Gold

Finally, the Gold zone houses data in its most cleansed and aggregate
form. This is often the resulting data from other workflows, outputs
from machine learning or statistical tasks, genome-wide association
studies (GWAS), and research findings. Data types in this zone may
be in less bioinformatics-specific formats (such as . csv files, Excel
workbooks, or plots) or formats to store larger files types (such as
.parquet, .avro, or .delta).

Traditionally, the purpose of the Gold zone is to serve reporting
needs and business-critical use cases. In genomics, it should show-
case results of any prior analyses and be the final source of truth for
any workflows.

Service Tiers

In Azure Data Lake, there are three access tiers that provide varying
levels of accessibility for your data at different price points. This is
useful in genomics as file sizes start to grow, certain pieces of data
may be useful to keep, but might not be often used. As such, some
consideration should be given around migrating large amounts of
unused data to a lower storage tier to save on cost.

If, when setting up your data lake, you selected the Standard per-
formance tier, these are the following access tier options:

e Hot - Use for data that is accessed frequently. This is the best tier
for most data scenarios.

¢ Cool - Use for data that is infrequently accessed (less than monthly).

® Archive - Only use for data that is very infrequently accessed (less
than yearly). This tier should only be used on archived data or
backups.

If, when setting up your data lake, you selected the Premium
performance tier, your access tier will always be optimized for low
latency. This is ideal for interactive workloads surrounding large-
scale analytical, data transformation, or machine learning tasks.

While cost is certainly a driving factor for selecting a service tier, it
should be noted that getting data out of lower service tier may incur
its own transaction cost and may be subject to a delay before that
data is available for use.
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Analysis Pipelines and
Machine Learning
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Delta Lake

Recently, the developers at Databricks released a new set of capabil-
ities to overlay on top of a data lake. This new functionality, called
Delta Lake*, provides ACID transactions to parquet files in a data
lake. This means that you can now get transaction attributes (atomic-
ity, consistency, isolation, durability) to help guarantee data validity
and make your data platform more resilient against error. Prior to
Delta Lake, this transaction functionality was only commonly seen in
relational databases.

In addition, Delta Lake provides a scalable way to manage meta-
data, an open-source format (.delta), and is 100% compatible with
the Apache Spark API, making it a perfect choice for scalable bioin-
formatics use cases.

One feature that may be important for research organizations is
that Delta Lake provides "time travel" or data versioning so that users
can revert changes. This allows for improved auditing and better
reproducibility for large-scale experiments. Plus, Delta Lake offers
features for handling metadata, enforcing and updating schemas, and
more.

To LEARN MORE ABOUT DELTA LAKE, VISIT DELTA.IO.

s

Bl and Reporting

I

DELTA LAKE


https://delta.io/

Security Considera

tions

One common selling point for using Azure Data Lake over the more

basic Azure Blob Storage is that you get finer-grained controls over

who can access data. This is set at two levels within an account: 1)

at the container level with Role-Based Access
on individual directories or files using Access

Controls (RBACs), 2)
Control Lists (ACLs).

Both of these types of access permissions are applied using your

organization’s Azure Active Directory Credentials.

Role-Based Access Controls are designed to apply a security prin-

ciple to an entire storage account or container. Roles are easily set

from the Azure Portal by selecting your data lake, then clicking Ac-

cess Control (IAM) from the left side panel.

Storage Data Role ‘ Owner

‘ Contributor

1

|

1

|

1 - project A

I

: - analysis_B

|
.
[}
1
|
1
|
1
1
1
I

e Bl 75-2021-01-28T17:33:35
—{ D $123_L001_R1_001 fastq.gz
—{ D $123_L001_R2_001 fastq.gz

Reader

Description Gets full access to storage containers and
data. Owners can modify the ACLs of all

items.

Gets read, write, and delete access to stor-
age containers and blobs. Contributors can

modify the ACL of items.

= Microsoft Azure P Search resources, services, and docs (G+/)

Home > genomics-dev > genomicsdls > raw-data

'QR raw-data | Access Control (IAM)

Container

- Add ¥ Download role assignments

2 Search (Ctrl+/) <
O Overview

Check access Role assignments  Roles

Pa Access Control (IAM)

Settings
-
Access policy 120 200
It properties
" ‘ search by name or email | (: Type : Users )
O Metadata

6 items (& Users)
D Name

Owner

0 &
my

Type

Colby Ford

cford@bluegranite.com User

Larry Baker

Ibaker@bluegranite.com User

Deny assignments

‘f_) Refresh

Classic administrators

Number of rele assignments for this subscription ©

Role : All Scope : All scopes Group by : Rale
Role Scope
Qwner @ Resource group (Inherited)
Contributor @ Resource group (Inheritec)

Access Control Lists provide the ability to set a finer level of access

to specific directories or files. ACLs can be set in a variety of ways,

but the easiest is to use Azure Storage Explorer, select the file(s) or a

directory that you want to manage, and click Manage Access Control

Lists. You can then set read, write, and execute permissions for a

single user or entire groups.

& Got feedback?

Gets read and list access to stor-
age containers and files.

Tip: Set up groups of users under a
defined role in Active Directory. It is
much easier to manage access for a
group than individuals, though both
are supported.

23 Microsoft Azure Storage Explorer - Manage Permission X

Manage Permissions
Managing permissions for: examplefilesystem/
Users and groups:
R $superuser (Owner)
8 $superuser (Owning Group)
Other

Mask
Read  Write

Permissions for: $superuser Execute

7' Access v v v

Default *

* This will automatically add these permissions to all new children of this directory.
Learn more about default ACLs.

Add user or group:

Add

Save Cancel



https://docs.microsoft.com/en-us/azure/role-based-access-control/built-in-roles##storage
https://docs.microsoft.com/en-us/azure/role-based-access-control/built-in-roles##storage-blob-data-owner
https://docs.microsoft.com/en-us/azure/role-based-access-control/built-in-roles##storage-blob-data-contributor
https://docs.microsoft.com/en-us/azure/role-based-access-control/built-in-roles##storage-blob-data-reader

Data Orchestration

Automation with Azure Data Factory

Azure Data Factory is a fully managed data orchestration service that
provides powerful options for moving data around, transforming

it, and executing analyses on other services. Currently, Azure Data
Factory includes over go data connectors to ingest your data from
services like Microsoft SQL Server, Google BigQuery, Amazon S3,
Teradata, FTP, REST APIs, and more.

We often use Data Factory to copy data from source systems into
Azure Data Lake. This is made easy with the Copy Data tool.

Microsoft Azure | Data Factory P genomics-adf

L4 By Data Factory ~ " validate all [NUNECISIEGIR 1 ) O Refresh ]E Discard all Q Data flow debug

ﬁ » (D Copy Pipeline [ ]

' Activities ¥ « =4 saveastemplate ~ validate [> Debug 4% Add trigger
L, - @O
| £ Search activities |
@ 4 Move & transform Copy data
& Copy dats E Copy data from DB
@ Data flow .

Or, for more advanced transformations, we can employ Data Flows
to transform data as it is being moved from source to sink (destina-
tion).

Microsoft Azure | Data Factory P genomics-adf

L By Data Factory ~ " validate all 11 publish al\o O Refresh ]ﬁ[ Discard all o Data flow debug % ARM template ~
ﬁ » @ Variant Data Flow L]

i ~ Validate
¥, S | I e W E I VA 1 YRS U

VariantDB Select hg19 Variants Remove rare variants Aggregate summary stats

@ |= Y Y Is
+ + + +
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We can even call external services, such as Azure Databricks,
Azure Machine Learning, and more, to analyze our data.

Microsoft Azure | Data Factory » genomics-adf

Z By DataFactory ~  validate all [JUIEMSENEIR + )] (O Refresh [i] Discard all o Data flow debug

ﬁ » (D RunPipelines .

& Activities ¥«

{ oo

| £ Search activities

@ Notebook
Move & transform :

-

Azure Data Explorer

-

Get Metadata

—
o Get new samples

-

Azure Function

-

Batch Service

-

—i

-

Data Lake Analytics

-

General

Plus, we can automate these pipelines such that little to no man-
ual intervention is needed for continuous data pulls into your data
lake. Pipelines can be triggered based on some schedule (for exam-
ple, "Run the pipeline every 15 minutes") or from the occurrence of
an event (for example, "When new data is available in the samples
directory in the data lake, run this pipeline").

This automated approach for retrieving your data (such as project
samples, analysis outputs, and other datasets) unlocks the ability to
take advantage of the Azure cloud for secondary and tertiary anal-
yses, machine learning, and more. For example, using Data Factory,
we can execute secondary analysis pipelines in the Azure Databricks
Runtime for Genomics, which allows for distributed jobs for align-

ment, filtering/quality control, variant calling, annotation, and more.

Illumina BaseSpace Connector

Today, many users use Illumina’s online service called BaseSpace
to house their sequencing data and to connect to third-party apps
for downstream analyses. We at BlueGranite have taken this Data
Factory functionality a step further in the genomics direction by
creating a connector for Illumina BaseSpace.

Like other connectors in Azure Data Factory, we can automate
the ingestion and processing of data from various sources. With
BaseSpace, we authenticate at the project level, so security around
sensitive data stays in place. We then copy data from BaseSpace to
Azure Data Lake, organizing the data by Project, Run, Dataset, and
then data type.

< Save astemplate + validate [> Debug 4% Add trigger

—»
@ Secondary Analysis

Databricks : Machine Learning Execute Pipeline

Iy Generate Statistics

Scheduled:
New trigger

Name *

analysis trigger

Description

start date = ©

01/14/2021 7:18 PM

Time zone *
coor

al Time (UTO &

Recurrence
Every[ 15 2] | [ Minutets) v

[J'specify an end date
Annotations

+ New

Name

Activated = ©
@ves Ono

Event-Triggered:
New trigger

Name *

analysis trigger

Description

Type+
Oschedule O Tumbing vindow @ event

nt selection method = ©

© from Azure subscrption O Enter manually

Azure subscription ®
[Selecan <]
Storage account name = @

[ v]o

Container name = ©

Blob path begins with ©

Blob path ends with ©



https://www.bluegranite.com/blog/illumina-basespace-connector

Scaling Analyses

Azure Databricks

Azure Databricks is a managed Apache Spark?> service for dis-
tributed computing. This service provides a fast, easy, and collab-
orative workspace for scaling big data analytics and machine learning
workloads in the cloud. With Databricks, you can code in a language
of your choosing (R, Python, SQL, or Scala) and use practically any
open-source library along with the distributed Spark engine.

In addition to these standard data and machine learning features,
Databricks also provides a specialized , which
provides an optimized compute environment for scaling bioinfor-
matics analyses. The runtime provides pre-packaged, distributed
pipelines for common secondary and tertiary analysis tasks, all opti-
mized for scalability.

SnpEffAnnotationPipeline (s © ?  bgcent

-
© databricks
woszsee
°

SnpEff Annotation Pipeline

Pre-built Pipelines:

® Secondary Analysis ¢ Tertiary Analysis

- Integration with 8

- — Pre-installed open-source tools such as
7 ADAMY, GATK', and SAIGE""


https://docs.microsoft.com/en-us/azure/databricks/runtime/genomicsruntime#dbr-genomics
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/secondary/dnaseq-pipeline
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/secondary/rnaseq-pipeline
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/secondary/tumor-normal-pipeline
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/secondary/annotate-variants
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/secondary/annotate-variants
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/tertiary/joint-genotyping-pipeline
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/tertiary/hail
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Glow

Also included with the Azure Databricks Runtime for Genomics is
an open-source package known as . Glow is a Spark-enabled
package that is designed to help scale genomic workloads'*. It was
created by the genomics team at Databricks and the Regeneron Ge-
netics Center. This package is enabled by default in the Runtime for

Genomics, but can be used with other Apache Spark clusters as well.

Some notable functionality:

® Read and write common bioinformatics data types like ,
, , and . (Similar to spark.read.format("csv"),
read a VCF with spark.read.format("vcf").)

¢ Handle variant-related tasks like , ,
and or
o : Whole Genome Regression (a distributed version of

‘13)‘

¢ Easily parallelize some existing libraries using the Pipe Trans-
former ( )-

Combining the functionality listed above with the standard Spark
functionality, researchers can read in large genomic data files, trans-
form them, run bioinformatics pipelines at scale, and even prepare
and run machine learning analysis.

By having your genomics data in a data lake, Azure Databricks
can easily connect to it and retrieve data for scalable analyses us-
ing the Runtime for Genomics, Glow, and many other open-source
libraries, all in an interactive and collaborative notebook-style envi-
ronment.

To LEARN MORE ABOUT THE AZURE DATABRICKS RUNTIME FOR
GENOMICS AND GLOW, VISIT

< GLOW


https://projectglow.io/
https://glow.readthedocs.io/en/latest/etl/variant-data.html#vcf
https://glow.readthedocs.io/en/latest/etl/variant-data.html#plink
https://glow.readthedocs.io/en/latest/etl/variant-data.html#bgen
https://glow.readthedocs.io/en/latest/etl/gff.html
https://glow.readthedocs.io/en/latest/etl/variant-qc.html
https://glow.readthedocs.io/en/latest/etl/variant-normalization.html
https://glow.readthedocs.io/en/latest/etl/variant-splitter.html
https://glow.readthedocs.io/en/latest/etl/merge.html
https://glow.readthedocs.io/en/latest/tertiary/whole-genome-regression.html
https://rgcgithub.github.io/regenie/
https://glow.readthedocs.io/en/latest/tertiary/pipe-transformer.html
https://docs.microsoft.com/en-us/azure/databricks/applications/genomics/

SCALING ANALYSES

Azure Machine Learning

Azure Machine Learning is an enterprise-grade service for perform-
ing machine learning in the cloud. This service offers an excellent
interface for machine learning experimentation, dataset management,
model deployment, and model management. Plus, this service also
provides a visual designer and automated machine learning for code-

free predictive analytics. Azure Machine Learning has both a Python
SDK and an R SDK, so you can integrate your machine learning pro-
cess with this service and allow it to track model performance and
aid in the operationalization of models as REST APIs.

Despite its name, Azure Machine Learning is an excellent tool for
use in bioinformatics as it provides web-based versions of RStudio
Server and Jupyter, which are commonly used in the field. This is
done through creating a "compute instance", which is simply a man-
aged cloud-based workstation that comes with all sorts of relevant
software pre-installed.

With RStudio, R programmers can use virtually any open-source
package that they know and love (and this includes Bioconductor
packages, as well). Similarly, Python lovers can work in JuptyerLab
or a traditional Juptyer notebook. This makes this service an excellent
add on to use with a genomics data lake as your team can easily
connect to data in the same Azure environment and perform their
bioinformatics analyses in the cloud, all while using familiar tools.

To LEARN MORE ABOUT AZURE MACHINE LEARNING, VISIT
AZURE.MICROSOFT.COM/EN-US/SERVICES/ MACHINE-LEARNING/.

Microsoft Azure Machine Learning & B ? ©
= amls_covid19 > Home
- New =
Py— Azure Machine Learning studio
Author
(£l Notebooks E él rjErh
—|— $x
4% Automated ML i
Notebooks Automated ML Designer
&% Designer Create new v Code with Python SDK and run Automnatically train and tune 3 Drag-and-drop interface fram
. sample experiments. model using a target metric prepping data to deploying
et models.
B Datasets
' Pipelines
@ Models My recent resources
S Endpoints
Runs
Manage
& Compute
g Datast Run Run ID Experiment  Status Submitted time Submitted by Run type
atastores

@ Data Labeling Run 1 AutoML_b944f623-087¢..  XYZ empl.. Completed Sep 24, 2020 7:41 PM  Colby Ford Automated...

Run 1 dataset_ab4b8a18-cb05-... dataset_p.. Completed Sep 24,2020 7:36 PM  Colby Ford Script
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https://docs.microsoft.com/en-us/python/api/overview/azure/ml/?view=azure-ml-py
https://docs.microsoft.com/en-us/python/api/overview/azure/ml/?view=azure-ml-py
https://azure.github.io/azureml-sdk-for-r/
https://azure.microsoft.com/en-us/services/machine-learning/

Why Azure?

If you are used to using your local workstation to manually run
bioinformatics pipelines on your genomics data, you know how slow
this process can be if you do not have adequate compute resources on
that machine.

One option is to scale your processing by placing the workload
on your institution’s High-Performance Computing (HPC) environ-
ment. This option often limits your ability to interactively develop in
that environment and you now have to wait on the cluster’s pesky
scheduler (like Torque or Slurm) to actually run your job. Plus, for
some organizations, running complex pipelines in an automated way
is quite difficult or not supported given the limitations around on-
premise architecture. As a bioinformatician, your time is better spent
doing research rather than executing pipelines by hand.

The Azure cloud alleviates many of these issues, offering almost
limitless compute power all under your control. With the services
we have covered in this book, your organization can easily organize
data in a genomics data lake, orchestrate and automate its movement
between locations and services using Azure Data Factory, and ana-
lyze it at scale using services like Azure Machine Learning or Azure
Databricks.
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