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Business Analytics 0. The Prediction Problem Informally
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Business Analytics 0. The Prediction Problem Informally

The Prediction Problem Informally
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Business Analytics 0. The Prediction Problem Informally

The Prediction Problem Formally

Let X be any set (called predictor space),

Y be any set (called target space), and

p: X xY — R§ be an unknown joint distribution / density.
Given

» asample D" C X' x ) (called training set), drawn from p,

» a loss function £ : Y x Y — R that measures how bad it is
to predict value y if the true value is y,

compute a prediction function
y:X =Y

with minimal risk

risk(: p) = /X 1 50) () )

Explanation: risk(¥; p) can be estimated by the empirical risk

N 1 N
risk(y; D' := Deest| Z Uy, y(x))

‘ \ —tact
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Business Analytics 1. Continuous Targets (Regression)

Example: House Prices

train set Dtrain. \
price [9]
114,300
114,200
114,800 o o e .
94,700 N ° o L L %

180000
1

o s ° o 0 L® . o ° cn“
119,800 g S . . ° e
s 5 ° o ° o "o
114,600 . R N o
151,600 1.0 o = e c e
> . S
150,700 gl e o T TS
119,200 St . oo °
o
104,000 g - ﬂ :
: T T T T T T T
_— 0 20 40 60 80 100 120
Note: Data set from [Janl1l]. D
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Example: House Prices

train set Dtrain:
price [9] i .
114,300 o .
114,200 g
114,800 | ;J
94,700 i
119,800 8§ JM
114,600 i =
151,600 1
150,700 % | QVDWM
119,200 S
104,000 g1
—_— (‘) 2‘0 4‘0 6‘0 8‘0 1(;0 12‘0
Note: Data set from [Janl1l]. rank

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany

52



Business Analytics 1. Continuous Targets (Regression)

Example: House Prices

train set Dtrain;

price [9]
114,300
114,200
114,800

94,700
119,800
114,600
151,600
150,700
119,200
104,000

Frequency

Note: Data set from [Janl1l].

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL
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Business Analytics 1. Continuous Targets (Regression)

Prediction (without Predictors) i

Let )V be any set (called target space), and
p:Y — RJ be a distribution / density.

Given

» a sample D" C Y (called training set), drawn from p,

» a loss function £ : ) x Y — R that measures how bad it is to predict
value y if the true value is y,

compute a predicted value
yey
with minimal risk

ik(gip) = [ .91 ply) oy
Explanation: risk(y; p) can be estimated by the empirical risk

|Dtest’ Z y’
ye’DteSt
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 1. Continuous Targets (Regression)

NN
Example: House Prices “

v

Target space: )V := R

Loss: (y,9) = (y — §)

Training set: D" .= {114300, 114200, 114800, 94700, 119800, ...}
Test set: Dt .= {188300, 102700, 172500, 127700, ...}

v

v

v

Given some sample house prices D" compute*) a predicted house
price y with minimal Root Mean Squared Error (RMSE):

N 1 N
RMSE(D™, §) := \/Iﬂe-“l > (y—9)7
y

eDtest

for house prices D't observed in the future.

Note: *) without using Dtest.
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Business Analytics 1. Continuous Targets (Regression)

NN
Prediction with Squared Loss “

The prediction problem with squared loss {(y, ) := (y — §)? minimizes
Mean Squared Error (MSE) / Root Mean Squared Error (RMSE):

MSE(D't, ) = DteSt\ Y y-9)7

yEDtest

RMSE(D*™, §) := \/West’ Z (y —7)?
ye'Dtest

Lemma
The predicted value with minimal squared loss / RMSE is the mean:

5}: 'Dtram| Z y

y c ’Dtram

] = =
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Business Analytics 1. Continuous Targets (Regression)

NN
Prediction with Squared Loss “
Lemma

The predicted value with minimal squared loss / RMSE is the mean:

A~

1
y = ”Dtrain| Z y

yeDtrain
Proof.
OMSE 1 o
oV - ‘Dtrain’ Z —2(}/ _y) =0
y ye'Dtrain
~ 1 1 Dtrain =0
’Dtrain‘ Z y - ‘Dtrain|‘ ’yi
yeDtrain

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Business Analytics 1. Continuous Targets (Regression)

Evaluation: House Prices

test set Dtest:

~

y (price [$]) y
188,300 129,395.3
102,700 129,395.3
172,500 129,395.3
127,700 129,395.3

97,800 129,395.3
143,100 129,395.3
116,500 129,395.3
142,600 129,395.3

157,100

129,395.3

RMSE: 27,515.84

MAE: 21,541.31

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 1. Continuous Targets (Regression)

NN
Example: House Prices Il “

» Target space: V :=R{

- Loss: ((y.9) = |y - 3

» Training set: D" .= {114300, 114200, 114800, 94700, 119800, . . .}
» Test set: D't := {188300, 102700, 172500, 127700, ...}

Given some sample house prices D" compute*) a predicted house
price ¥ with minimal Mean Absolute Error (MAE):
1
MAE(D'™, §) .= = —y
(D=.9) == > ly—Jl
yGDteSt

for house prices DSt observed in the future.

Note: *) without using Dtest.
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Business Analytics 1. Continuous Targets (Regression)

Prediction with Absolute Loss

The prediction problem with absolute loss ¢(y, §) := |y — | minimizes
Mean Absolute Error (MAE):

N 1 N
MAB(D'™,9) i= fwam 2 =]
yGDteSt

Lemma

The predicted value with minimal absolute error / MAE is the median

§ := median ptrain . _ Y((n+1)/2)> for n odd
%(}/(n/z) + y(,,/2+1)), for n even
with Dtrain — {y(l), ..,y(,,)} and y(jy sorted increasingly.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 1. Continuous Targets (Regression)

Prediction with Absolute Loss

Lemma

The predicted value with minimal absolute error / MAE is the median:

for n odd

§ := median ptrain . _ Y((n+1)/2)>
for n even

Sn/2) + Ynj241))s
with Dtrain = {y(l),

- ¥(ny} and y(;y sorted increasingly.
Proof.

OMAE 1

8}7 = |Dtrain| Z -1+ Z 1

yGDtrain:y>}7

!
=0
yGDtrain:y<}7

~> there have to be as many y’'s smaller than y as larger than y.
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Business Analytics 1. Continuous Targets (Regression)

Evaluation:

test set Dtest:

House Prices |l

~

y (price [$]) y

188,300 126,200 g | men

102,700 126,200 g

172,500 126,200 g

127,700 126,200 g |

97,800 126,200

143,100 126,200 4 °

116,500 126,200 = §

142,600 126,200 N

157,100 126200 £1 ...
MAE: 21,267.44 g |
RMSE: 28,052.88 ® 0 2 M w©
MAE€:50003 16,706.98 rank
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Business Analytics 1. Continuous Targets (Regression)

Example: House Prices Il

\{

Target space: YV := R

v

Loss: (y, ) :=[ly — ¥| — €]o for € := 5000
Training set: D2in := {114300, 114200, 114800, 94700, 119800, ...}
Test set: Dt := {188300, 102700, 172500, 127700, ...}

v

v

Given some sample house prices D" compute*) a predicted house
price y with minimal e-insensitive error:

. 1 N
MAE (D™, §) := — Y lly—9l—€o
ye’Dtest

for house prices DSt observed in the future.

Note: *) without using D¥t.  [x]o := max(x, 0).

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 1. Continuous Targets (Regression)

Prediction with e-insensitive error

For given € € RY, the prediction problem with e-insensitive error
Uy,y) :==[ly — 9| — €Jo minimizes the e-insensitive error:

N 1 N
MAE(D*,§) ==~ > [ly =91 = clo
yEDteSt

Lemma

The predicted value with minimal e-insensitive error is:
. 1
y = §(Y(i) + Y(n—it1))

with i :=max{i =1,...,0[ ¥(n_jz1) — ¥(i) > 2¢€}
with D" = {y ),

--»¥(m} and y(;y sorted increasingly.
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Business Analytics 1. Continuous Targets (Regression)

Prediction with e-insensitive error v
Lemma

The predicted value with minimal e-insensitive error is:

~

5 V(i) + Y(n—i+1))

with i :=max{i =1,...,n[ ¥(n_iz1) — Y(i) > 2¢}
with Dtrain — {y(l),

-+»¥(n)} and y(;y sorted increasingly.
Proof.

OMAE, 1

6)", = "Dtrain‘ Z -1+ Z 1

y€eDriny>jte

!
=0
y€eDriny<H—e

~> there have to be as many y’'s smaller than y — € as larger than
y+e
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Business Analytics 1. Continuous Targets (Regression)

Evaluation: House Prices llI

test set Dtest:
y (price [$]) y e

188,300 128,550 - em,f;d,',f'; median
102,700 128,550
172,500 128,550
127,700 128,550
97,800 128,550
143,100 128,550
116,500 128,550
142,600 128,550
157,100 128,550

1

1

1

price

1

°
o0
o0

°
°
000

1

1

80000 100000 120000 140000 160000 180000 200000
1

MAE: 21,443.02
MAEE:5000: 16,66860

T T T T T
0 10 20 30 40
rank
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Example: Direct Bank Marketing

term deposit subscription (y)

train set Dtrain.

< 4 ° o oo o o ° o o o o
subscription A
no
no .
no
©
Ll
no >
yes S
no
no ~
Ll
no
no
© | soa0000000000 0000000000000000 G0 O GOKG0R00 GO G3KATAIDITD GIKOIBO 0O GO0 G000
Ll

Note: Data set from [MLC11]. ID (st 100)
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Example: Direct Bank Marketing

term deposit subscription (y)

train set Dtrin:
subscription

no
no
no

1500

1000

no
yes
no
no
no
no

500
1

no yes

Note: Data set from [MLC11].

«O>» «Fr «=» <« »

it
ut
S
»
e
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Example: Direct Bank Marketing |

» Target space: )V := {no,yes} = {0,1}

> Loss: ((y,9) = 8(y #9)

» Training set: D" := {0,0,0,...,0,1,0,...}
» Test set: Dt :={0,0,0,...,0,1,0,...}

Given some customer responses D" compute*) a predicted
customer response y with minimal misclassification rate:

1
MR(Dtst §) .= = %
(D7) nE Sy #9)
ye’Dtest

for customer responses D't observed in the future.

. . 1, if Alis true
Note: *) without using Dfst.  §(A) :={
Lars Schmidt-Thieme, Information Systems and Machin %arnabéab (ISMLL), University of Hildesheim, Germany

16 / 52



Business Analytics 2. Binary Nominal Targets (Binary Classification)

Prediction with 0/1 loss (binary classification)

The prediction problem with 0/1 loss (binary classification)
y,y) = 6(y # ¥) minimizes the misclassification rate:

" 1 "
MR(D™,9) =~ > oy #35)
ye'DteSt
Lemma

The predicted value with minimal misclassification rate is the
majority class:

~ )1, ifhy > g
e 0, else

with iy, == [{y’ e D™" |y’ = y}|, yeY:={0,1}

Note: Equwalent to minimizing MR is maximizing accuracy
test I

acc .

Lars gchm\dt gweme %Z;X§@n gtystg ms an(}i/l/lachine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

NN
Prediction with 0/1 loss (binary classification) i
Lemma

The predicted value with minimal misclassification rate is the
majority class:

n" 1, ifﬁl > f70
e 0, else
with i, .= |{y’ € D" |y = y}|, yeY:={0,1}
Proof. .
_— ‘Dtra|n| _ hO
MR(Dtraln’y — 0) — W
train o - ‘Dtrain| o ﬁl
MR(D ralnyy — 1) — W

.. N . . ~
~+ minimal for § with maximal hy.
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics

2. Binary Nominal Targets (Binary Classification)

Evaluation: Direct Bank Marketing

test set Dst:

y ¥
no no
no no
no no
no no

yes no
no no
no no
no no
MR: 0.111

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany

2000

1500

1000

500

term deposit subscription (y)

yes
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Example: Direct Bank Marketing Il

» Target space: )V := {no,yes} = {0,1}

» Loss: Uy, y):=0(y # ¥)cyy, for co1 :=1, c10 := 20.
» Training set: D" := {0,0,0,...,0,1,0,...}

» Test set: Dt :={0,0,0,...,0,1,0,...}

Given some customer responses D" compute*) a predicted
customer response y with minimal misclassification cost:

1
test ~) .__ — v o
cost(D™, §) = n E oy #9)eyy
ye’Dtest

for customer responses D't observed in the future.

Note: *) without using Dtest.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Prediction with misclassification cost v

Given misclassification costs ¢p 1, ¢1,0 € R, the prediction problem with
misclassification cost (cost-sensitive binary classification)
Uy,y) = 9d(y # ¥)c, 3 minimizes the misclassification cost:

1
t(Dest o) — = S Ne o
cost( .Y) n § (v # Y)Cy,y

yeDtest

Lemma

The predicted value with minimal misclassification cost is:

L,

N if icr0 > hocon
y =

0, else
. P / trail / .
with ny, .= |{y' e D" |y’ =y}|, ye)Y:={0,1}
Note: The problem depends only on the cost ratio cg,1/¢1,0.

[m] = = =
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Prediction with misclassification cost

Lemma

The predicted value with minimal misclassification cost is:
1, if I”\11C170 > ﬁ0C071
0, else

with ny, 1= Hy' e ptrain |y =y}, yel:={01}

Proof. fcLo
train o~ _ )
cost(D™" § =0) = D]
in o floco,1
train _ _ )
cost(D™" y =1) = Dain]
~+ minimal for § with maximal fAycy1_y. O

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 2. Binary Nominal Targets (Binary Classification)

Evaluation: Direct Bank Marketing |l

test.
test set D ) term deposit subscription (y)

y ¥ g

no yes s

no yes

no yes o

no vyes

yes yes g |

no yes B

no yes

no yes g |
R 0589 . ]
cost: 0.889 no ves
cost ("no"): 2.21 O Fr Er (2

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany

it
ut
S
»
e

21/ 52



Business Analytics

3. Nominal Targets (Multiclass Classification)
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Business Analytics 3. Nominal Targets (Multiclass Classification)

Example: First Highly-Rated Product

first movie rated with 5 starts by a user (y)

% :

H train. S
train set Da": g
product name (movie) ID
Monty Python and the Holy Grail (1974) 168 °
Conspiracy Theory (1997) 328 ° ° o
s | ° o o
Men in Black (1997) 257 = E| .
o o° o ° °
Devil's Advocate, The (1997) 307 ;
= o o o o o o ° o
3 o °
Face/Off (1997) 208 . 20 s @ o o o
English Patient, The (1996) 286 S | 00 00 oo o N ° o o o
) awo ° 09 o oo °
L.A. Confidential (1997) 302 °° o
Pl "Qmwysf’ Q&n S o0 be rq;@od? ®e o
Red Corner (1997) 754 e 3 oty % €% “33 3 uawm’é s
o o8 o ° oo 080 0gpo °
“cua oo 0008 nBs . :;: ﬂgn uﬂ um%eeuu ® oo o
o & om0 o °@o ° o °© 0 60 0o ®
o d <% 06 © © 8 . o
T T T T T
0 200 400 600 800
Note: Data derived from Movielens 100k. dser 1D
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 3. Nominal Targets (Multiclass Classification)

Example: First Highly-Rated Product

train set Dtrain.

product name (movie) ID
Monty Python and the Holy Grail (1074) 108
Conspiracy Theory (1997) 328
Men in Black (1997) 257
Devil's Advocate, The (1997) 307 g’_
Face/Off (1997) 208 £
English Patient, The (1996) 286
L.A. Confidential (1997) 302
Red Corner (1997) 754

Note: Data derived from Movielens 100k.

30

25

20

15

10

first movies rated with 5 stars by users

% :

ﬁ!m;lh,.ml - “ e

1 89 211 340 474 603 736 873 1016

movie

TT
1194

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 3. Nominal Targets (Multiclass Classification)

Example: First Highly-Rated Product

» Target space: )V :={1,2,...,1682}

> Loss: £(y,9) = (y # )

» Training set: D" .= {168, 328, 257,307,...}
> Test set: Dtest := {275,258,127,258,654, ...}

Given some first highly-rated products D", compute®) a predicted
first highly-rated products y with minimal misclassification rate:

1
MR test o [P—— o
(D) == > oy #39)
ye’Dtest
for first highly-rated products D't observed in the future.

Note: *) without using Dtest.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 3. Nominal Targets (Multiclass Classification)

NS
Prediction with 0/1 loss (multiclass classification) i

The prediction problem with 0/1 loss (multiclass classification)
Uy,y) :=6(y # ¥) minimizes the misclassification rate

MR(D™9) =~ 3" 6y # )

ye'Dtest
Lemma

The predicted value with minimal misclassification rate is the
majority class:

y = argmaxn,
yey
with fy = |{y' € D™ |y =y}|, yeV

Note: Equwalent to minimizing MR is maximizing accuracy
accg Drest o) -
Lars chrmdt

N a =
g\eme ‘ng;%§@n gtystg ms an(ji/b\achine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 3. Nominal Targets (Multiclass Classification)

B
Prediction with 0/1 loss (multiclass classification) i

Lemma
The predicted value with minimal misclassification rate is the
majority class:

y = argmaxn,
yey

with i, == |{y’ € D™" |y =y}|, y €Y

Proof.

train ~
train ~y |D | — n;,
MR(D'", §) = D]

~+ minimal for § with maximal hy.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 3. Nominal Targets (Multiclass Classification)

B
Evaluation: First Highly-Rated Product “

first movies rated with 5 stars by users

test set Dtrain.

y ¥ 7

275 286 3 4

258 286

127 286 8

258 286

654 286 2 ¥

69 286 € .|

151 286

302 286 S

286 286 .

148 286

: o - |" ‘l llllh ‘ll ‘IL |I |l| hl |||h [ i |

MR: 0.986 179 181 298 428 5;]9“7'2;;” 8;!““ T10‘15 ' 12;1 14:49

movier
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Business Analytics 3. Nominal Targets (Multiclass Classification)

B
Example: First Highly-Rated Product Il “

\{

Target space: )V :={1,2,...,1682}

Loss: U(y,y) :=6(y # ¥)cyp, for given ¢, 5.
Training set: D" .= {168, 328, 257,307,...}
Test set: Drest .= {275,258, 127,258,654, ...}

v

v

v

Given some first highly-rated products D", compute®) a predicted
first highly-rated product y with minimal misclassification cost:

1
test ~) . — v o
cost(D™, §) = n E oy #9)eyy
ye’Dtest

for first highly-rated products D't observed in the future.

Note: *) without using Dtest.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 3. Nominal Targets (Multiclass Classification)

Prediction with misclassification cost v

Given a misclassification cost matrix ¢ € RIY X[V the prediction

problem with misclassification cost (cost-sensitive classification)
Uy, 3) =0y #9)ey,

9 minimizes the misclassification cost:

1
Dtest o : - \ N
cost( V)= p g My #9)ey

ye’DteSt

Lemma

The predicted value with minimal misclassification cost is:
¥ = argmin g hycyp

V€Y yeyy#y

with fy, == |{y' € D" |y’ =y}|, y€Y

Note: The diagonal ¢y,, :=0 for all y € V.
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Business Analytics 3. Nominal Targets (Multiclass Classification)

Prediction with misclassification cost v

Lemma
The predicted value with minimal misclassification cost is:
y = argmin Z hycyy

yey YEV,y#Y

with i, == |{y’ € D™ |y =y}|, y€Y

Proof.

T 1 R
COSt(Dtralna y) = ‘thrain’ Z nyc}’y)A’
YEV.y#Y
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Business Analytics

4. Set-valued Targets (Multi-label Classification)
Outline

4. Set-valued Targets (Multi-label Classification)

[m]

=
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Example: All Highly-Rated Products

train set Dtrain.
movie IDs

1,6,9, 12,13, ...

320, 321, 328, 340, 346, 347
42, 89,100,101,109, ...
4,7,89 12, ...

6, 50, 201, 286, 298, ...

9, 15, 28, 83, 173, ...
4,12, 13, 23, 28, ...

50, 125, 181, 255, 269, ...

movie ID

Note: Data derived from Movielens 100k.

400 600 800 1000 1200

200

.E%i.

all movies rated with 5 starts by a user
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Example: All Highly-Rated Products

all movies rated with 5 starts by a user

: E%i‘

train set Dtrain.
movie IDs
1,6, 9 12, 13, ... o

320, 321, 328, 340, 346, 347
42, 89,100,101,109, ...
4,7,8,9 12, ...

6, 50, 201, 286, 298, ...

9, 15, 28, 83, 173, ...

4,12, 13, 23, 28, ... ~
50, 125, 181, 255, 269, ...

frequency
4
|

o 4
1 67 154 256 357 465 568 670 778 879 993 1114 1242
Note: Data derived from Movielens 100k. )
movie ID
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

B
Example: All Highly-Rated Products “

» Target space: YV :=P(I) :={0,{1},...,{1682},{1,2},{1,3},...}
with /:= {1,2,...,1682}.

» Training set: D" .= {{1,6,9,...},{320,321,328,...},...}
» Test set: D't := {{50,100,127,...},{50,258,294,...},...}

What is a good quality measure?

_ byl

» Recall: recall(y,y) := o

Note: Quality measures are maximized, losses are minimized, thus the negative of a_quality

measure is a loss — : -
Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Example: All Highly-Rated Products

» Target space: YV :=P(I):={0,{1},...,{1682},{1,2},{1,3},...

with /== {1,2,...,1682}.
» Training set: D" .= {{1,6,9,...},{320,321,328,...},...}
» Test set: D't := {{50,100,127,...},{50,258,294,...},...}

What is a good quality measure?

> Recall: recall(y, y) := 2001

— but recall is maximized trivially for y :=[.

Note: Quality measures are maximized, losses are minimized, thus the negative of a_quality

measure is a loss o ) )
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Example: All Highly-Rated Products

» Target space: YV :=P(I):={0,{1},...,{1682},{1,2},{1,3},...

with /== {1,2,...,1682}.
» Training set: D" .= {{1,6,9,...},{320,321,328,...},...}
» Test set: D't := {{50,100,127,...},{50,258,294,...},...}

What is a good quality measure?

> Recall: recall(y, y) := 2001
— but recall is maximized trivially for y :=[.
» Precision: precision(y, ) := ‘yl)glﬂ

Note: Quality measures are maximized, losses are minimized, thus the negative of a_quality

measure is a loss o ) )
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Example: All Highly-Rated Products

» Target space: YV :=P(I) :={0,{1},...,{1682},{1,2},{1,3},..
with [ :={1,2,...,1682}.

» Training set: D" .= {{1,6,9,...},{320,321,328,...},...}

» Test set: D't := {{50,100,127,...},{50,258,294,...},...}

What is a good quality measure?

» Recall: recall(y, ) := b/|r;|y|

— but recall is maximized trivially for y := I.

. e .. ~ Ny
» Precision: precision(y, ) := ‘ymy‘

— but precision is maximized trivially for § := 0.

Note: Quality measures are maximized, losses are minimized, thus the negative of a_quality

measure is a loss o ) )
Lars Schmidt-Thieme, information Systems and Machine Learning Lab (ISMLL) University of Hildesheim, Germany
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Example: All Highly-Rated Products

» Target space: YV :=P(I) :={0,{1},...,{1682},{1,2},{1,3},..

with /1= {1,2,...,1682}.
» Training set: D" .= {{1,6,9,...},{320,321,328,...},...}
» Test set: D't := {{50,100,127,...},{50,258,294,...},...}

What is a good quality measure?

» Recall: recall(y, ) := ‘ylr;f"
— but recall is maximized trivially for y := I.

» Precision: precision(y, ) := b’lgf"
— but precision is maximized trivially for § := 0.

N recall(y,y)precision(y,y) 2|lyny|
| 4 . = = — rai— =
F1 measure: Fi(y, ) = 27ty 5T tprecision(y.5) = 1451

3

Note: Quality measures are maximized, losses are minimized, thus the negative of a_quality

measure is a loss o ) )
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

B
Example: All Highly-Rated Products “

» Target space: )V :=P(I):={0,{1},...,{1682},{1,2},{1,3},...}
with /.= {1,2,...,1682}.

Loss: U(y,y) :=1—Fi(y,9y)=1— |2y‘\y+m|§"\ (negative Fq)

Training set: D" .= {{1,6,9,...},{320,321,328,...},...}

Test set: Dt .= {{50, 100, 127,...},{50,258,294,...},...}

v

v

v
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

B
Example: All Highly-Rated Products “

» Target space: YV :=P(I):={0,{1},...,{1682},{1,2},{1,3},...}
with [ := {1,2,...,1682}.

» Loss: {(y,9):=1—Fi(y,9)=1— ﬁlmg“ (negative Fq)

» Training set: D" := {{1,6,9,...},{320,321,328,...},...}

> Test set: D't .= {{50,100,127, ...}, {50,258,294,.. .}, ...}

Given some sets of highly-rated products D" compute*) a predicted
sets of highly-rated products y with minimal negative F; error:

. 1 .
F1(D*,9) = . Y 1-FA.9)
yeDtest

for sets of highly-rated products D't observed in the future.

Note: *) without using Dtest.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 4. Set-valued Targets (Multi-label Classification)

Prediction with Negative F; loss (multi-label cIassnclcatldﬁ

The prediction problem with negative F; loss (multi-label
classification) {(y,y) :==1— Fi(y,y) =1—
negative F; error

ilmiﬁ/'l minimizes the
1-Fy (D, 9) == — Z -
}/EDtest ‘y’ + ’y‘

[m]

=
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Business Analytics

5. Ranking Targets (Ranking)
Qutline

5. Ranking Targets (Ranking)

[m]

=
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Business Analytics 5. Ranking Targets (Ranking)

Example: Product Preferences
Customer Alice:

» product A is better than B

» product C is better than D

» products A/B and C/D are not comparable.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 5. Ranking Targets (Ranking)

Example: Product Preferences
Customer Alice:

» product A is better than B

» product C is better than D

» products A/B and C/D are not comparable.

Customer Bob:
» product A is better than B, B is better than C
» product D is better than C
» products A/B and D are not comparable.
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Business Analytics 5. Ranking Targets (Ranking)

Example: Product Preferences
Customer Alice:

» product A is better than B
» product C is better than D
» products A/B and C/D are not comparable.

Customer Bob:
» product A is better than B, B is better than C
» product D is better than C
» products A/B and D are not comparable.

Avoid:
» product A is better than A.

» product A is better than B, B better than C,
but A is not better than C.
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Business Analytics 5. Ranking Targets (Ranking)

Example: Product Preferences

Avoid:
» product A is better than A.

» product A is better than B, B better than C,
but A is not better than C.

For a set [:

ranking(/) :={y C I x I |Viel:(i,i) &y,
Vioj k€ l:(i,j), U, k) €y = (i, k) € y}

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 5. Ranking Targets (Ranking)

Example: Product Preferences
Customer Alice:

» product A is better than B

» product C is better than D

» products A/B and C/D are not comparable.

YAlice = {(Aa 8)7 (Cv D)}

Customer Bob:
» product A is better than B, B is better than C
» product D is better than C
» products A/B and D are not comparable.

YBob = {(Av B)v (Bv C)> (A? C)v (Dv C)}

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 5. Ranking Targets (Ranking)

NN
Example: Product Preferences “

» Target space: ) := ranking({A, B, C,D})
» Training set:

D= {{(A, B),(C, D)}, {(A, B).(B, C), (A, C),(D,O)},..}
> Test set: D' := {{(A, B), (A, C),(A,D)},...}

i

How to measure error for rankings?
> 0/1loss: £(y,9) = (y £ 9).
— very rough, e.g., 1 := {(A,B)} as bad as y» := {(B, A), (D, C)}
for YAlice-
» 1 - Area under the Curve (1-AUC):

AUC(y, ) = |1| > (i) ed)

(iJ)ey

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 5. Ranking Targets (Ranking)

Prediction with 1-AUC loss (ranking) o

The prediction problem with 1-AUC loss (ranking)

Uy,9) =1-AUC(y,9)=1— ﬁ > (ij)ey 0((i,j) € §) minimizes the
1-AUC error:
1
1-AUC(D'**, 9) = - Yoo = Z §((i,j) € 9)
EDteSt I’J)Ey
[m} = = =
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Business Analytics

6. Continuous Targets with Variance
Qutline

6. Continuous Targets with Variance
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

train set Dain:

price [$]
114,300
114,200
114,800

94,700
119,800
114,600
151,600
150,700
119,200
104,000

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

Histogram of houseprices$Price

train set Dtrain.

price [$] 2 =
114,300

114,200 & -

114,800 B .
94,700 e s ]
119,800 li2)
114,600 £ g

151,600 :

150,700 o

119,200 2

104,000 .| o

houseprices$Price

How useful is an average price of ca. 130.0009% if it is untypical?

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

How to predict the certainty? How prices may vary?

» predict minimum and maximum prices?
— OK, but does not tell about typical prices either.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

How to predict the certainty? How prices may vary?

» predict minimum and maximum prices?
— OK, but does not tell about typical prices either.

» predict average price plus price range that contains 25%, 50% of all

prices?
— OK, but will also be off for bimodal distributions.
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

How to predict the certainty? How prices may vary?

» predict minimum and maximum prices?
— OK, but does not tell about typical prices either.

» predict average price plus price range that contains 25%, 50% of all

prices?
— OK, but will also be off for bimodal distributions.

» predict for every possible price a score how likely it is.

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics

6. Continuous Targets with Variance
Density
Let )Y be a set. A function

p:Yy— Rar
with

is called density.

Amnwzl

For y € ), p(y) measures how likely y is.

[m]

=
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Business Analytics 6. Continuous Targets with Variance

. P2
Density v
Let )V be a set. A function

p:Yy— Rar
with

| Py =1
y
is called density.

For y € ), p(y) measures how likely y is.

Example:

1
p(y; a, b) ::E(F(y €lab]), a,beR,a<b (uniform density)

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 6. Continuous Targets with Variance

: P2
Density v
Let )V be a set. A function

p:Yy— Rar
with

| Py =1
y
is called density.

For y € ), p(y) measures how likely y is.

Example:

1
p(y; a, b) ::E(F(y €lab]), a,beR,a<b (uniform density)

1 —(y=p)?

S 2y 2 2 .
p(y,u,a).:\/me 202, p,0° € R0 >0 (normal density)
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Business Analytics 6. Continuous Targets with Variance

Likelihood

Foraset D CY

=[] r(»)

yeD
is called likelihood and

{(D; p) := —log L(D; p) = Y _ log p(y)
yeD

is called negative log-likelihood.

The better p models D,
» the higher the likelihood,

» the smaller the negative log-likelihood.
(The negative log-likelihood is a loss.)

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 6. Continuous Targets with Variance

Best Uniform Density for a Data Set?
Let D C Y be a set. What is the uniform density

1
p(y; a, b) ~bh_a

Iy € [a, b)), a,beR,a<b

that best models D, i.e., with maximal likelihood?

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 6. Continuous Targets with Variance

Best Uniform Density for a Data Set?

Let D C Y be a set. What is the uniform density

1
p(y;a,b) ::Eé(y € [a, b)), a,beR,a<hb

that best models D, i.e., with maximal likelihood?

For any yp € D, let:

1 1
a=yo— b::yo+;, neN

n
~ L(D: >—
( 'p)—2

i.e., the likelihood is unbounded: there is no best uniform density.
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Business Analytics

6. Continuous Targets with Variance

Best Normal Density for a Data Set?

The same is true for the normal density with u = yg € D.

[m]

=
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Business Analytics 6. Continuous Targets with Variance

Best Normal Density for a Data Set?
The same is true for the normal density with u = yg € D.

If we exclude such pu:

—log L(p; D) = — Z log p(y)
yeD

1 1, (y — p)?
= |D|§Iog(27r) + |D|§Ioga + ;M
y
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Business Analytics 6. Continuous Targets with Variance

Best Normal Density for a Data Set?
The same is true for the normal density with u = yg € D.

If we exclude such pu:

: 1 1 2 (Y—M)z
_IOgL(P,D):|D|§Iog(27r)—|—|D|§Iogg +27
yeD
—log L —
3(8%): _2y2 sy
12 = o
1
M= y
o] 2
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Business Analytics 6. Continuous Targets with Variance

Best Normal Density for a Data Set?
The same is true for the normal density with u = yg € D.

If we exclude such pu:

. 1 1o 2 (
—log L(p; D) = |D|§Iog(27r)—|—|D|§|ogU +Z
yeD
—log L _
( aog ) _ _2y2 iy
H yeD g
1
5l 2
d(—logl) 11 (v =) 1
:7D77 ==
o2 2| |02 Z 2(02)2 0
yeD
1
WUZ:@Z()/—M)Z
yeD

y — p)?

202
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

a:=min D" = 69100, b := max D" = 188000
~» —log L(Dtrain; puniform) = 11.686
- |Og L(DteSt; puniform) =0

as DSt contains a price y = 211200 outside the training range, thus with
puniform(y) =0.
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

a:=min D" = 69100, b := max D" = 188000
~» —log L(Dtrain; puniform) = 11.686
- |Og L(DteSt; puniform) =0

as DSt contains a price y = 211200 outside the training range, thus with
puniform(y) =0.

p = pDri" = 1203953, o = oD = 26562
~ —log L(D™™: prormal) = 11.600
— log L(D™*; pnormal) = 11.643
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Business Analytics 6. Continuous Targets with Variance

Example: House Prices Again

n
—
(=3
o
(=]
=1
o
o
=)
(=3
o 4
(=3
=3
o
3
(=%

wn
(=3
o
o
o
=
o
(=3
o
o 4
o
< T T T T T T T
o

80000 100000 120000 140000 160000 180000 200000

y
[m] = = =
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Business Analytics

7. Binary, Nominal and Set-valued Targets with Variance
Qutline

7. Binary, Nominal and Set-valued Targets with Variance

[m]

=
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Certainty for Binary Targets

Predict not just the class/label y € Y, but provide
» a probability / certainty factor y € [0, 1] and then predict

§ :=46(y > 0.5)
» an unbounded certainty factor / score y € R and then predict

y =4y >0)

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Probabilities

» treat y like a continuous target and use any regression loss, e.g.,

E(yv.)/}) :(y_.)/})z
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Probabilities
» treat y like a continuous target and use any regression loss, e.g.,
E(yv.)/}) = (y_.)/})2
» binomial negative log-likelihood:
L(y.9) =971~
y,9) = —logL(y,y) = —ylogy — (1 - y)log(1 - 7)
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Probabilities
» treat y like a continuous target and use any regression loss, e.g.,
E(yv.)/}) = (y_.)/})2
» binomial negative log-likelihood:
L(y.9) =971~
y,9) = —logL(y,y) = —ylogy — (1 - y)log(1 - 7)

Lemma
Both, squared error and binomial negative log-likelihood, are minimized by
the relative positive class frequency:

N om0 1
Y= ‘Dtrain’ - "Dtrain‘ Z y
yEDtrain
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Scores

» treat y like a continuous target and use any regression loss, e.g.,

Uy, 9) =y —9)
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Scores

» treat y like a continuous target and use any regression loss, e.g.,
g(yay) = (.y_j})z
— but this does also penalize y > 1 fory =1!
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Scores
» treat y like a continuous target and use any regression loss, e.g.,
g(yay) = (.y_j})z
— but this does also penalize y > 1 fory =1!
» hinge loss:
Uy, ¥) =2y +§ — 2y¥Jo :=2max(y + § — 2yy,0)
=209, ify=0,920
0, else
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Scores

» treat y like a continuous target and use any regression loss, e.g.,
o 532
Uy, 9) =y —9)

— but this does also penalize y > 1 fory =1!
» hinge loss:

Uy, y) =2[y +§ — 2y¥]o := 2max(y + y — 2y¥,0)
1-p, ify=19<1
=2{ 7y, ify=0,9>0
0, else

Lemma
Hinge loss is minimized by

y = argmaxhy
v
Note: Usually hinge loss is used for target encoding {+1, —1} instead of {0,1} and_then

E§E§!Em€SXT%2n%§Il}orrina}r/\'&]%'ystems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Scores (2/2)

» squared hinge loss:

Uy, 9) =Qly + 9 — 2y910)? := (2max(y +  — 2y9,0))?
(1-9), ify=19<1
=2¢{ 2 ify=0,9>0
0, else

[m] = = =
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Binary Targets / Losses for Scores (2/2)

» squared hinge loss:

Uy, 9) =Qly + 9 — 2y910)? := (2max(y +  — 2y9,0))?
(1-9), ify=19<1
=2¢{ 2 ify=0,9>0
0, else

Lemma

Squared hinge loss is minimized by the relative positive class frequency
. M
Y= "Dtrain‘

Note: Usually hinge loss is used for target encoding {+1, —1} instead of {0, 1} and_then
o) L o1a)2
an ghenq\(h ?%?mleoﬁnfoeﬂﬁuaalosn y&é%g and !\(/\L]Ehmgl_}él(r)r)\ng Lab (ISMLL), University of Hildesheim, Germany
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Certainty for Nominal Targets

Predict not just the class/label ¥ € ), but provide for each possible label
yey
» a probability / certainty factor y(y) € [0,1] and then predict

§ = argmaxy(y)
yey
» an unbounded certainty factor / score y(y) € R and then predict

§ = argmaxy(y)
yey
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

» treat y like a continuous target and use any multivariate regression
loss, e.g.,

Nominal Targets / Losses for Probabilities

Uy, 9) =D (6y =y) = 9(»))

y'ey

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
47 / 52



Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

Nominal Targets / Losses for Probabilities

» treat y like a continuous target and use any multivariate regression
loss, e.g.,
= (6y =y") - 9(y))°
y'ey
» multinomial negative log-likelihood:
~r NGy =
= 1] sV
y'ey

Uy, 9) :=—logL(y,9) =~ [] 6(y' =y)log#(y')
y'ey
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

» treat y like a continuous target and use any multivariate regression
loss, e.g.,

Nominal Targets / Losses for Probabilities

Uy, 9) =Y _0ly=y)-9))
y'ey
» multinomial negative log-likelihood:

=[] s0)=
y'ey
Uy, 9) :=—logL(y,9) =~ [] 6(y' =y)log#(y')
y'ey
Lemma
Both, multivariate squared error and multinomial negative log-likelihood,
are minimized by the relative class frequencies:

ar hy 1
y(y)' |Dtram’ |Dtraln| Z 5 y y)
yGDtram
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

NN
Certainty for Set-Valued Targets “

For set-valued targets, a score/certainty factor for every set y € Y := P(/)
would have to be predicted.

But usually, one predicts just a score y(i) for every label i € /.

If non-negative, such scores induce a distribution on the power set via

p(y) = 2 TT 500

icy

Note: Z is the normalizing constant, Z := 3" -, [;¢, ¥(/).
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

N
Set-Valued Targets / Losses o
» Negative Normalized Discounted Cumulative Gain (neg. NDCG):
(y,¥) =1 - NDCG(y, )

1 1
NDCG(y,y) == E —
’ lyl 1
v el & log(1 + rank(y, 1))

with rank(9, 1) :==|{i" € I | 9(i") > y (i)}

[m] = = =
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

N
Set-Valued Targets / Losses o
» Negative Normalized Discounted Cumulative Gain (neg. NDCG):

{(y,9) =1 - NDCG(y, )
1 1
NDCG(y, §) :=
’ vl >
Zly 1 Iog(i—f—: i€y |0g(]_ + rank(y, ))

with rank(9, 1) :=|{i" € I | 9(i") > y(i)}

Example: Y/ ‘ 1 2 3 4 5 6
y:={1,3,6}, 9(y) 05 0.4 07 0.1 00 0.1
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance
P2
Set-Valued Targets / Losses i
» Negative Normalized Discounted Cumulative Gain (neg. NDCG):

l(y,y) :=1—NDCG(y, )

1 1

NDCG(y,y) == E :
’ |yl

Zly 1 Iog(i—f—: i€y |0g(]_ + rank(y, ))

with rank(9, 1) :=|{i" € I | 9(i") > y(i)}

Example: Y/ ‘ 1 2 3 4 5 6

y ={1,3,6}, (/) 05 04 07 0.1 00 0.1
rank(9,y)| 2 3 1 4 6 5
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

B
Set-Valued Targets / Losses o

» Negative Normalized Discounted Cumulative Gain (neg. NDCG):
(y,¥) =1 - NDCG(y, )

1 1
NDCG(y,y) ==

’ |yl Z
Zly 1 Iog(i—f—: i€y |0g(1 + rank(y, ))

with rank(9, 1) :=|{i" € I | 9(i") > y(i)}

Example: v ‘ 1 ) 3 4 s 6
y ={1,3,6}, 9(¥) 05 04 0.7 0.1 0.0 01
rank(9,y)| 2 3 1 4 6 5
1 1 1 1
NDCG(y,y) = i ( - )
Iog2 + Iog3 + Iog |Og(1 + 2) |Og(1 + 1) |0g(1 + 5)
= 0.947

Note: Here NCDG for binary relevances is given. NDCG also is defined more generally for

non-binary relevances. — : :
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Business Analytics 7. Binary, Nominal and Set-valued Targets with Variance

B
Set-Valued Targets / Losses o

Lemma
Negative NDCG is minimized by any score y that induces a ranking by
relative class frequency, esp. relative class frequencies themselves:

Iy) = . > dly=y)

| Dtrain ’ = |Dtrain | il
yeD
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Business Analytics

8. Conclusion

Outline

8. Conclusion

[m]

=

nae
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Business Analytics

8. Conclusion

Summary of Tasks & Error Measures

point estimation
(just the prediction)

density estimation
(prediction plus variance/certainty

univariate targets:

continuous target
(regression)

Root Mean Squared Error (RMSE)
Mean Average Error (MAE)
e-insensitive error

Gaussian Likelihood

binary nominal target
(binary
classification)

Misclassification Rate
Misclassification Cost

Hinge loss
Squared hinge loss
Binomial Likelihood

multivariate targets:

nominal target
(multiclass
classification)

Misclassification Rate
Misclassification Cost

Multinomial Likelihood

set-valued target
(multi-label
classification)

Recall, Precision, F1
Recall@10, Precision@10

Normalized Discounted
Cumulative Gain (NDCG)
Mean Average Precision (MAP)

ranking target
(ranking)

Area under the curve (AUC)
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Business Analytics 8. Conclusion

Conclusion

» Prediction is the task to learn an unknown dependency of a target
from predictors from observed data (training data).

» Part of the problem setting is a loss that defines how bad different
incorrect predictions are.

» As the dependency to learn is unknown, different models are assessed
by their performance on an a fresh sample (test set).
» Different prediction problems can be described by
1. the target space ) and
2. the loss /.
» The most common prediction tasks are

1. regression: continuous target () := R),
esp. least squares regression (squared loss £ = (y — $)?).
2. binary classification () := {0, 1})),
esp. not cost-sensitive (0/1 loss, misclassification rate £ = §(y # 9)).
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