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Disclosure

My background is not machine learning, or computer science, or statistics.
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Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions. https://medium.com/@lizziedotdev/I

ets-talk-about-machine-learning-dd
ca914e9dd1
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Supervised learning



Linear regression
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y=Db +ax

Usually solved by least square



Logistic regression

Probability of passing exam versus hours of studying

y = 1/(1+exp(-b-ax))

Logit (log odds) is the linear term:
log(y/(1-y)) = b+ax

Probability of passing exam

Also solved by least square
(iteratively reweighted least squares)

Hours studying



Neural networks

Linear classifiers
cannot solve this
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Linear discriminant analysis (LDA, Fisher’s LDA)
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Support Vector Machines (SVM)
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Classifier with max-margin




SVM with kernel tricks
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k nearest neighbors (k-NN)

: . 3-NN: red triangle
m ‘: 5-NN: blue square



Unsupervised learning



k-means clustering
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Expectation-maximization (EM) algo and Gaussian mixture

model (GMM)

Expectation step:
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Principal component analysis (PCA)
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Deep learning



Neural networks

Linear classifiers
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Neural networks - Multi-layer Perceptron (MLP)

y =0,(b, + W,(o,(b, + W.X))

o: activation function (ReLu, softmax, etc.)

Trained by backpropagation and
gradient descent

[nput laver

: Output laver
Hidden laver . '



Neural networks - Convolutional Neural Network (CNN)
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MLP with convolution

o,(b, + conv(W,, x))

Convolution as weight sharing to reduce the size of the model



Neural networks - Recurrent Neural Network (RNN)




Neural networks - Long Short-term Memory (LSTM)
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Image Source: colah.github.io




Examples



PCA + SVM in classifying EEG trials
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EM + GMM in segmentation of head MRIs
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CNN in segmentation of head MRIs
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CNN in segmentation of breast MRIs

~64,000 MR scans
10TB data;

Training N=62,663
Testing N=250 (x4)
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Hirsch, Huang, et al, 2021, Radiology-Al
https://github.com/lkshrsch/Segmentation_breast cancer MRI



CNN in segmentation of breast M
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CNN + logistic regression in diagnosis of
hydrocephalus requiring treatment
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Huang, et al, 2022, JDI

https://github.com/andypotatohy/hydroDetector



CNN + logistic regression in diagnosis of

hydrocephalus requiring treatment ==

Sensitivity

Clinical Diagnosis

08|
0.6
0.4 ( Train: N=240
0.2 Test: N=240
O "
0 0.5
1-Specificity

\ NYU School of Medicine

NYU LANGONE MEDICAL CENTER

External Testing

Imaging Diagnosis
1 e 1 J—,—

0.8 0.8
2 . 2
S06] i—Machine, 3¢
2" 0.4 * e E 0.4 ‘
3" % R2 g N=31 |
% R3 " w
0.2 % R4 0.2 A
] L J " _ Henry Rusinek
0 0.5 1 0 0.5 1
1-Specificity 1-Specificity
N=451,

Leave-one-out

Huang, et al, 2022, JDI
https://github.com/andypotatohy/hydroDetector



scikit-learn
algorithm cheat-sheet
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Further readings

e Classic machine learning:

o Christopher M. Bishop, Pattern Recognition and Machine Learning, Springer, 2006
o Richard O. Duda, Peter E. Hart, David G. Stork, Pattern Classification, John Wiley & Sons,
Nov 9, 2012

e Deep learning:

o lan Goodfellow, Yoshua Bengio, Aaron Courville, Deep Learning, MIT Press, 2016
o Francois Chollet, Deep Learning with Python, Manning; 2nd edition, December 21, 2021
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