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Qni(‘k Reference: pr Formulas

Regression and Smoothing

Simple Linear Regression: Y = 3y + 51X +¢

Least Squares: b; = M, bo=19y—bix
Var(z)
RSS
R R2=1—-—_—
TSS

nh 4 h

)

KDE: f(z) = — :lK(Xi_x)

Symbol key: RSS (Residual Sum of Squares) = > (y; — 9;)? — total squared prediction error. TSS
(Total Sum of Squares) = >"(y; — %)? — total sum of squares (proportional to sample variance). h =

bandwidth, K = kernel function, n = sample size.

Classification

1
Logistic Regression: 10g<1p> =XB, p= m

n

Log-Loss: ((8) =Y [~yilogp(xi) — (1 — yi) log(1 — p(x:))]
i=1

T fr(X)

LDA Posterior: pj(x) = —
> mofo(x)
=l

1
kNN: P(Y ={|x) = = > 1y
1EN)

SVM Margin: max M s.t. y;(Bo +x;8) > M(1 — ¢;), Z§:1 ﬁjz =1,>¢<C

Model Selection and Regularisation

p p
Ridge: RSS + A Z 5]2 Lasso: RSS + A Z |55
j=1 j=1
1 1
Mallow’s Cp: C), = E(RSS + 2d6?) BIC: BIC = E(Rss + log(n) - d - 6?)

A

AIC: AIC = —2/(0) + 2k, where k is the number of estimated parameters.
RSS/(n —d—1)

Adjusted R%: 1—
Justed R TSS/(n — 1)
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Bias-Variance and Evaluation

N

Bias-Variance Decomposition: E[(Y — f(X))?] = Var(f(X)) + [Bias(f(X))]2 + Var(e)

1 k
k-Fold CV: CV}, = - > MSE;
=1

TP+TN TP TN
Accuracy = ﬁ SenSitiVity = m Speciﬁcity = m
. TP 2 - Precision - Recall P,— P,
Precision = F = =

TP+FP ! Precision 4+ Recall e 1-PF,

Trees, Ensembles and MCMC

B K
Bagging: fbag(z) = %Zf*b(x) Gini: G = Zﬁmk(l — Pmk)
b=1 k=1
Boosting: f(z) « f(z)+ Af(z), residuals r; < r; — Af(2;)
M-H Acceptance: o(X;,Y) = mm(f((;(?) i((iit”;t)), 1)
p(D [ 6) - p(6)

Y
Symmetric proposal: o = min(f((X)), 1) Bayes: p(0 | D) =
t

p(D)




