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https://en.wikipedia.org/wiki/Bayesian_inference#:~:text=Bayesian%20inference%20is%20a%20method,and%20especially%20in%20mathematical%20statistics.
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Normal Distribution Uniform Distribution Cauchy Distribution t Distribution
F Distribution Chi-Square Distributi Exp ial Distributi Weibull Distrib
Lognormal Distribution Birnbaum-Suanders Gamma Distribution Double Exponential
(Fatigue Life) Distribution Distribution
Power Normal Distribution Power Lognormal Tukey-Lambda Distribution
Distribution
Extreme Value Distribution Beta Distribution

source: “Doing Data Science”
O’Neil & Schutt
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Unsupervised learning
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End-to-End Supervised Learning in 7.6

63

Anomaly Detection
Outlier Detection
Forecasting

Language ID
Fraud Detection
User classification
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Unsupervised
Data Driven:
Pattern
Recognition
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Labelled data  SuPervised
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Learning and _\
Predicting
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P S BN ER{ER) ? (2/3)

.ml-

anomalies

5. store results Q 9 ]q

raw

data

2 get new data

1. read model

3. analyze versus model

4. update model

Simplified sequence of ML's procedures per bucket_span
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Inference

23

@ elastic



24

Machine Learning inElimnHAR

Build a model on historical data that has a churn indicator

Define a ML
problem and

propose a
solution

Construct your
dataset

Transform data

Use the model

Train a model to make

predictions

VIZR/58 /AR

customer a|customer b
total duration
of customer
sessions 80:21:07 1:01:11
tv episodes
watched 24 1
films watched
in last month 5 ] —
newness of
titles watched ML
in last month 9.8 1.2 Supervised
Change in Model
duration 6:22:17 16:43:29
beerints Model Name: churn_e2r21
su s:;:st“" gold | platinun | Model Precision: 96.3%
Model Recall: 95.7%
customer tenure 32 26

Model F1 score: 96.0%



Machine Learning inElimnHAR

Use model inference to make predictions on streaming data

Define a ML
problem and

propose a
solution

Construct your
dataset

Transform data

Train a model

Use the model
to make
predictions

TR

25

10:10:06

Supervised
Model

p(churn) = 97%
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Bucket_span M

5m

15m

60m

Aggregations of the same data over three different time intervals
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Elastic : #l#s5 > HYSZEE - single metric job
— https://elasticstack.blog.csdn.net/article/details/102788922

» Elastic: Hl#55 I HISLEL - multi metric job

— https://elasticstack.blog.csdn.net/article/details/106941847
e Elastic: HLgs 5 > BSLEL - population job
— https://elasticstack.blog.csdn.net/article/details/106950196

e Elastic: HL#rF: > HISLEL - categorization
— https://elasticstack.blog.csdn.net/article/details/106984151

» Elastic: 4 /f] Elastic A B HIHLER T > FEAT 13 73 2R
— https://elasticstack.blog.csdn.net/article/details/107759860
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