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1. Choose an appropriate method

Method Input Data Method Class Nonlinear Complexity

PCA continuous data unsupervised O (max(n’p, np*))
CA categorical data unsupervised Q(max(n’p, np*))
MCA categorical data unsupervised O(max(n’p,np*))
PCoA (cMDS) distance matrix unsupervised Q(n*p)

NMDS distance matrix unsupervised O(n*h)

Isomap continuous® unsupervised v Q(n*(p + log n))
Diffusion Map continuous” unsupervised ' Q(n*p)

Kernel PCA continuous”® unsupervised v Q(n’p)

t-SNE continuous/distance unsupervised v O(n*p + n*h)
Barnes-Hut t-SNE continuous/distance unsupervised v O(nh log n)

LDA continuous (X and Y) supervised O(np* + p*)

PLS (NIPALS) continuous (X and Y) supervised O(npd)

NCA distance matrix supervised v O(n*h)
Bottleneck NN continuous/categorical supervised v Q(nph)

STATIS continuous multidomain Q(n*P, nP*)
DiSTATIS distance matrix multidomain Q(n*P, nP?)




Method R function Python function

PCA stats::prcomp sklearn.decomposition.PCA
CATPCA gifi::princals

CA FactoMineR: :CA

MCA FactoMineR: :MCA

PCoA (cMDS) stats::cmdscale sklearn.manifold.MDS
NMDS ecodist: :nmds sklearn.manifold.MDS
Isomap vegan: :isomap sklearn.manifold.Isomap
Diffusion Map diffusionMap::diffuse

(Barnes—Hut) t-SNE

Etsne: :Etsne

sklearn.manifold.TSNE

LDA

MASS::1da

sklearn.discriminant analysis.lLinearDiscriminantAnalysis

PLS (NIPALS) mixOmics::pls sklearn.cross decomposition.PLSRegression
DiSTATIS DistatisR::distatis
Procrustes vegan: :procrustes scipy.spatial.procrustes




2. Preprocess continuous and count input
data

 Normalizujte data. Ak napriklad pouzivate PCA, ktoré sa snazi
zachovat €o najviac variancie, tak ak mate atribut s velkymi
hodnotami a velkou varianciou, tak dostane vacsiu vahu vo vysledne;
reprezentacii.



3. Handle categorical input data appropriately

Ak mame kategoricky atribut, na ktory aplikujeme One-hot encoding,
tak mo6zeme dostat velmi riedky dataset. Nie kazdd metéda redukcie
dimenzionality sa na to hodi rovnako. Napriklad metddy zalozené na

maticovej faktorizacii su celkom vhodné. ObycCajné PCA ale nie. Vzdy
zvazte Specificku metodu pre dana typ dat.



4. Use embedding methods for reducing
similarity and dissimilarity input data

* Na redukciu dimenzionality ndm niekedy mozu stadit podobnosti
pozorovani (napriklad ak nevieme spocitat ¢rty pozorovani ale len
podobnosti/rozdielnosti).

* Vtedy sa daju pouzit metdde transformujuce data do nejakého
priestoru vektorovej reprezentacie (Napr. t-SNE)

* Pozor tieto metddy sa snazia zachovat lokalne interakcie medzi
pozorovaniami a nie globalnu Struktiru. Interpretovatelnost takejto
reprezentacie je teda vyrazne odlisna. Napriklad ak pouzijete t-SNE na
vizualizaciu, tak sa nemozete pozerat na absolutnu poziciu bodov
(lebo nema zmysel) ale len na vzdialenosti medzi bodmi a zoskupenia
bodov (lebo odrazaju lokalne vlastnosti).



5. Consciously decide on the number of
dimensions to retain

* Elbow method na vyber poctu komponentov
* Pri vizualizacii v 2/3D netreba nutne pouzivat len prvé komponenty

N w

Percentage of explained variances

i 2 3 4 5 6 7 8 9 10
Dimensions



6. Apply the correct aspect ratio for your
visualizations

* Pomer skal osi je dblezity

* Pri embedding metddach moze zlé rozmiestnenie v priestore
indikovat nedostrénovany model a bez spravneho skalovania to
nemusi byt vidiet.

* Pri PCA (a pri dalsich metddach) by mali skdly odzrkadlovat podiel
vysvetlenej informacie.



/. Understand the meaning of the new
dimensions

* Redukcia dimenzionality nie je uplne Cierna skrinka. Minimalne pri
reprezentaciach pouzivajucich globalnu strukturu sa da interpretacia
vytvorenych dimenzii zobrazit pomocou Biplotu.
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Biplot na roznych redukciach datasetu IRIS
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8. Find the hidden signal

* Overte Ci reprezentacia konzistentne odzrkadluje signal ktory chceme
zachovat. Struktura, ktord chceme zachovat zostala zachovana.
Podobné veci su stale pohromade.
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9. Take advantage of multidomain data

* Existuju metody redukcie -
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10. Check the robustness of your results and
guantify uncertainties

* Ako velmi je vysledok redukcie zavisli od malej zmeny parametr?%v alebo dat? Neovplyvnili mi prilis vysledok
nejaké outliery?
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Fig 9. Data point uncertainties. Stability in the DR output coordinates for each data point. Projections of bootstrap samples for two 10D simulated datasets with rank 2
(a) and rank 5 (b) onto the first two PCs aligned using a Procrustes transformation. Smaller, circular markers correspond to each bootstrap trial, and larger, diamond
markers are coordinates of the full dataset. DR, dimensionality reduction; PC, principal component.




