Chapter 1: Introducing Machine Learning and the AWS
Machine Learning Stack
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Chapter 2: Exploring Key AWS Machine Learning Services for
Healthcare and Life Sciences

Transcription Download full transcript & Start streaming

US English
Medical specialty nfo
Choase the type of medical specialty to use for real-time streaming.

Primary care v

Audio input type Info

Conversation O Dictation
Use for clinician-patient dialogue Use for post medical encounter dictation
Transcription output Current language: English, US

This is an example of the real time transcript generated by Amazon transcribed medical
The patient was then 40 year old male complaining of chest pain

00:00 of 15:00 min audio stream

Job settings

Name

MyTranscriptionJob

The name can be up to 200 characters lang, Valid characters are a-z, A-Z, 0-8, . (period), _ (underscore), and — (hyphen).

Audio input type Info
© Conversation
Use for clinician-patient dialogue
O Dictation
Use for post medical encounter dictation

Input data info

Input file location on 53
Choose an input audio or videa file in Amazon 53.

53://bucket/prefix/file.mp3 Browse 53

Valid file formats: MP3, MP4, WAV, FLAC, AMR, OGG, and WebM

Qutput data info

‘Output file destination on §3 Info
Choose the location to store the output of the transeription job. If you input a location in an Amazon 53 bucket that doesn't yet exist, it will
be created for you.

s3://bucket/prefix/file json Browse 53

Format: s3://bucket, s3:// prefix/, or s3:

Create Data Store e

Create a Data Store to import and analyze data.

Data Store settings

Data Store name

MyFHIRDa

2,06, space, and % + /1= @ _- (ryphen.

Create vocabulary w. Fomat info
FHIRRS
Vocabulary settings
Prload sample dta - optonal nfe
Name ’
[ R4 format, ing Synthea (3
——
o pr———rry
Vacabulary input fill location in Amazon $3 info Data Store encryption info

Browse, type o paste the URL of your input vacabulary file in S3.

e

File format: xt, maximum size 50 K8, Table format only.

[ ssumypucketiiamevos
Choose an AWS KMS key
This key vl b used to encrypt nc decryptyour Data Stors resources.
© Use AWS owned key (default)
Tags - optional Alny that AWS owns and managesfor .
sharch, ¥ 1n tha form eyl 7 Choose a different AWS KMS key (advanced)
Choase  ky you have permission to us. o create a new one

No tags associated with the resource

» Tags - optional infe

ou can acd up to 50 more tags and an optionai value

Cancel Create vocabulary Cancel Create Data Store




Query settings

Run a CRUD query or a search query on your Data Store.

Query string

=] 1 7 /r4/
Data Store ID

77f4022decb9888091e4dc7588a3f1a9 Active
MyFhirDataStore

Query type Info Resource type
Search with GET v ‘ ‘ Patient v

Search parameters info
Select a search parameter or combination of search parameters to focus your query on specific records.

Search parameter Value - optional

Q gender X | | Q female

Add new search parameter

You can add 49 more parameters.

X J Remove

Risks when using Protected Health Information (PHI) as a parameter with an HTTP GET RESTful API

If your parameters include PHI, it may be logged when using Search with GET. See an example using the
parameters. Learn more [

When using the Search [ with GET option, parameters may be logged by local browser history, intermediate web proxies, and web server logs.

AWS CLI to search securely with PHI

Query settings

Run a CRUD query or a search query on your Data Store.

Querystring

a us-east-1

Data Store ID
b7e91fb40adde3ab26b4a87f770c54fa Active
healthlake-workshop

Query type Info Resource type
| search with GeT v | | DocumentReference v

Search parameters info
Select a search parameter or combination of search parameters to focus your query on specific records.

Search parameter Value - optional

| Q detectentities-entity-text X ‘ | Q heart

X | [ remove

Add new search param:

You can add 49 more parameters.

Risks when using Protected Health Information (PHI) as a parameter with an HTTP GET RESTful API

parameters. Learn more [

When using the Search [ with GET option, parameters may be logged by local browser history, intermediate web proxies, and web server logs.
If your parameters include PHI, it may be logged when using Search with GET. See an example using the AWS CLI to search securely with PHI




Chapter 3: Machine Learning for Patient Risk Stratification
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Chapter 4: Using Machine Learning to Improve Operational
Efficiency for Healthcare Providers

Create bucket i«

Buckets are containers for data stored in 3. Learn more [

General configuration
Bucket name

Bucket name must be unique and must not contain spaces or uppercase letters. See rules for bucket naming [

AWS Region

US East (N. Virginia) us-east-1 v

Copy settings from existing bucket - optional
Only the bucket settings in the following configuration are copied.

Choose bucket

Files and folders (0) Addfiles | [ Addfolder
All files and folders in this table will be uploaded.

Q 1

Name A Folder v Type v Size v

No files or folders

You have not chosen any files or folders to upload.

Copy S3 URI | ‘ [ pownload ‘ ‘ Open [4 ‘ ‘ Object actions ¥

audio.flac



Chapter 5: Implementing Machine Learning for Healthcare
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Chapter 6: Implementing Machine Learning for Medical
Devices and Radiology Images
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Chapter 7: Applying Machine Learning to Genomics
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Chapter 8: Applying Machine Learning to Molecular Data
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Chapter 9: Applying Machine Learning to Clinical Trials and
Pharmacovigilance
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Chapter 10: Utilizing Machine Learning in the
Pharmaceutical Supply Chain
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Chapter 11: Understanding Common Industry Challenges
and Solutions
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Charts Metrics Parameters Artifacts AWS settings Debugger Explainability ~ Bias report

The computed bias metrics are below:

Predicted column: Target
Predicted value or threshold: 1

Column analyzed for bias

0.3

o1

017

o1

0.3

-te1

0.046

Otoos

v 0 v

Conditional Demagraphic Disparity in Labels (CCDL)

Column value o threshald analyzed for bias

28 days ago

jumpstart-example-py-2... 3 months ago

End of the list

Expand all  Collapse all m Table

The metric examines whether, in the training data, the disadvantaged class has a bigger propartion of the rejected
outcomes than the proportion of accepted outcomes for the same class.

Class Imbalance (C1)
Detects if the group is

in the dataset at a

higher rate than the

disadvantaged group, or vice versa.

Difference in Positive Praportions in Labels (DPL)

Detects if ane class has a significantly higher proportion of desirable (ar, alternatively, undesirable) outcomes in

the training data.

Jensen-Shannon Divergence (JS)

JS measures how much the label distributions of different classes diverge from each other. If the average label
distribution across all of the classes is P, the JS divergence is the average of the KL divergences of the probabllity

distributions for each class from the average distribution P. This entropic measure alsa generalizes to multiple

label and centinugus cases.



Charts Metrics Parameters Artifacts AWS settings Debugger Explainability Bias report

The computed bias metrics are below:
Predicted column: Target
Predicted value or threshold: 1

Celumn analyzed for bias Column value or threshold analyzed for bias

Bias metric Bias value Description

Conditional Demographic Disparity in Labels (CDDL) -0.023 The metric examines whether, in the training data, the disa...
Class Imbalance (Cl) 0.97 Detects if the advantaged group is represented in the data...
Difference in Positive Proportions in Labels (DPL) -0.54 Detects if one class has a significantly higher proportion of...
Jensen-Shannon Divergence (JS) 0.052 JS measures how much the label distributions of different ...
Kullback-Liebler Divergence (KL) -0.38 In a binary case, a relative entropy measure of how much t...
Kolmogorov-Smirnov Distance (KS) 0.54 This metric is equal to the maximum divergence in a label a...
L-p Norm (LP) 0.54 This measure of distance in label distributions is the norme...
Total Variation Distance (TVD) 0.27 This measure of distance in label distributions is half the H...
Accuracy Difference (AD) -0.37 This metric examines whether the classification by the mod...
Conditional Demographic Disparity in Predicted Labels (CD... -0.069 The metric examines whether the model predicted a bigger...
Difference in Acceptance Rates (DAR) -0.051 The difference in the rates of positive predicted outcomes ..
Difference in Conditional Acceptance (DCA) 36 This metric compares the actual labels to the predicted lab...
Difference in Conditional Outcomes (DCR) -0.6 This metric compares the actual labels to the predicted lab...
Disparate (Adverse) Impact (DI) 10 This metric examines whether the model predicts outcome...
Difference in Positive Proportions in Predicted Labels (DPPL) -0.9 This metric examines whether the model predicts outcome...
Difference in Rejection Rates (DRR) -0.6 The difference in the rates of negative predicted outcomes ‘
Counterfactuals: Fliptest (FT) 1 The fliptest is an approach that looks at each member of th...
Recall Difference (RD) -0.79 Checks whether there is a difference in recall of the model ...
Treatment Equality (TE) - This is defined as the difference in the ratio of false negativ...

Charts Metrics Parameters Artifacts AWS settings Debugger Explainability Bias report

Expl

ing your model's predictions

Amazon SageMaker Studio helps you understand your machine learning model by portraying the importance of its features in terms of SHAP values. We plot the aggregated SHAP value
for each feature across all instances of the dataset.

Predicted column: label0

AGEGROUPS

COuNTY

Export PDF report | | Download raw data



