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What is 3rd Party Data
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Why we need to abstract the solution?

We facing differents cases
Ifferent solutions
ifferent approachments
ifferent methods
ifferent Technologies
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Differents deadline schedule...
So we need to make the components reusable



Computational Thinking
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Machine Learning basic things...

Training

Evaluating
Predicting

Data preprocessings



Engineering, why?

e SOLID Principal
e Reusability:

o  Weuse the algorithm in backend service and data pipeine
o  Difference technologies like programming language or platform
e Scalability

o  Could adopt several libraries or frameworks or our own implementation
o  Performance scale up and scale out
o  Run more efficient



Sample Case

We have 2 cases that need to be handled:

e Keras
e SKLearn

The possibilities are could have different data type or structures and also different model, and it could be
different libraries.



Class Diagram
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Lets see the sample
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Any Questions ?




Thank you



