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Neighbors), **MR (Multivariate Regression), '"*PCA (Principal Component Analysis), "*HCA (Hierarchical Clustering Analy-
sis), ”*AE (Auto Encoders), **ICA (Independent Clustering Analysis), '**GMM (Gaussian Mixture Model)
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® Supenvised learning
= Unsupervised learning

® Hybrid approach

Combinatorial approac
® Semi-supervised learning
= Reinforcement learning

® Others (transfer learning, active learning)
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= ANN - Artificial neural netweorks

= SVM/SVR - Support vector machines/regression
= MR - Multivariate regression

 PLS - Partial least squares

= GP - Gaussian Processes

u RF - Random forest

® PCA - Principal component analysis

= Fuzzy logic

m Others
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= Materials science

& Additive manufacturing

® Other formulated products
w Environment

o (6,850 s ks CPE 5 8 gl > c_;,:(;ﬂ\)o&i.z
ML laazas aen 3 (0) o)ls

0| ey ol oFY (ol osled cfoplod orin Jlo

= ANN - Artificial neural networks
m SVM/SVR - Support vector machines/regression
= RF/DT - Random forest/decision tree
GP - Gaussian processes
kNN - k nearest neighbors
= MR - Multivariate regression
u PLS - Partial least squares
u Naive Bayes

 PCR - Principal Component Regression

m Others

.CPE (slas )8 s Q}EJQ;J&,S;Q&L&&))Q\GJJJYJ&.Z

(o3 V) Golaies 85k sl s, sl Wl e o
il 03 05SE (deos V51 2eS) s S5k sla b
sl ) aaas sba Sy 4 ae Ll ol sslanal Las )8
S ol plplagy Ly, Js L e B4 L Sels
Sl Gl S ML sl 25y 51 ans ol das o OLLS
Y sl K5 558 eslixad S sboism o il >
5 ool O eriels glp, S w5y e f
Ol 0 K4 S o Cao 55 CPE slas 58 s 1y oS 5
oslanal i olae e a3 ML (gla g,y a5 das e
sdes sla yise ML glaazas aan 55 b 5 L.yl |
Sladal 3 () ik mlis (Y5) slpn ole 1 25 Le

IO s psle 5 (V) oy 5 oo

180k SN 30 (S guan igh Slad g, ¥
s )8 e Gga g ML ) eslnad IS b 4
tele S sl e ey bl s s Sl il

Sl Ll o e Sea igileand 5 iledde =)
Jelse am g b la ey DO oy sladde ann s
B .b))\;b-‘ )l;'.é) wﬂ QKA‘ B )_9...2 oxlar! LS""‘:’.‘]‘"
LS r-“‘f’ Iy O gsluang

SEreae osn 4 g SaeiSJ xS gl b J xS Y

® PCA - Principal compenent analysis

= ANM - Artificial neural networks

= |CA - Independent Compenent Analysis
GMM - Gaussian Mixture Model

® k-means clustering

® Suppart vector data description

& Manifold learning

= Hierarchical clustering

u Kernel density estimation

= Others
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*ANN (Artificial Neural Network), >*DBN (Deep Belief Network), **SVM (Support Vector Machine), **SVR (Support
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