Statistics and Data Analysis (HEP at LHC)

] Statistical basics for physics
= Random processes
" Probability distributions

] Describing physics measurements
= Binned and unbinned data
= Model parameters

Slides extracted from N. Berger lectures at CERN Summer School 2019

Prof. dr hab. Elzbieta Richter-Was




Randomness in High Energy Physics

Experimental data is produced by incredibly complex processes
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Randomness in High Energy Physics

Experimental data is produced by incredibly complex processes

Hard scattering

PDFs, Parton shower, Pileup

| Decays
- et Detector response
B G Reconstruction
S RN S

Image Credifs: _‘ ’ \N" s '3. % 0 TATLAS  —— Denzits
S. Hoche, 0',. ":.; a:‘ [ . .' ) ) E :E' i E::T};?TT"""BTE\Z
SLAC-PUB-16160 = %@ % 4. £ il s

Randomness involved in all stages =i

— Classical randomness: detfector reponse -
— Quantum effects in particle production, decay



Measurement Errors: Energy measurement

Example: measuring the energy
of a photon in a calorimeter
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Measurement Errors: Energy measurement

Example: measuring the energy
of a photon in a calorimeter

Calorimeter

Readout
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ol Perfect 50005 Real
o case 40007 life
s 3000,
40t -
: 2000
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Measurement Errors: Energy measurement

Example: measuring the energy
of a photon in a calorimeter

Measure leakage behind calorimeter

Measure leakage ——»
info neighboring cells Calorimeter Readout

x10°
100 -
i Perfect 120001 Real
o case 100007 life
50:— 8000
s0f 6000}
[ 4000}
200 2000f
%1020 30 40 50 60 70 80 90 100 %70 20 30 40 50 60 70 80 90 100
Energy (GeV) Energy (GeV)

Cannoft predict the measured value for a given event
= Random process = Need a probabilistic description 7



Quantum randomness: H->Z2Z7*-> 4 |

30 Phys. Rev. D 91, 012006
_I I | I | | | I N | | 17 1T 7 | | I I I L I_
_ ATLAS ¢ D 1 Rare process: Expect 1 signal

70 :— H— 77% — 4] I:I Signal (m_ =125 GeV u = 1.51}_: even'l' every "‘"6 dClys
60 :_ Vs=7TeV det -45f" - Backgrouna 22 .

- Background Z+jets, if _:
% Systematic uncertainty __

50 - _
40| + -

30 [

r {s=8Tev Jldt =203M"

Events/ 10 GeV

20|
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ok .
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"Will | get an event today ?” — only probabilistic answer



Randomness in Physics

S ATLAS 2011-2012 =
Questions with probabilistic answers: el R 1
1011 3 i S EEmsRsssamsssRIEsEsssEsssssssa} :‘_; ?:
102 _‘E 20
107 g 8o
10—: ""___'_____________._‘ .:_______ CTTTTTTTTTTTTToTToTTTTTT T ___-g Ag
* Is my Higgs-like excess just a IR | S
background fluctuation? io° E
0-1! R, .......-....‘....‘........_________.____ ___; Ba
- associated with prob ~10° (by now ~10%%) et TR, S
= above the famous (and conventional) 50 10 TIS 120 125 190 155 10 e e
* For measurements: probability that ATLAS | o m, _
the true value of a parameter is =l Uncoarty
within an interval: LEP Comb, o 2037633 MV
Tevatron Comb. — @ 80387%18 MeV
LEP+Tevatron _.ms MeV
68% chance that the true m,, s L gsmoiovey
is within the orange interval Electiowesk Fi e |
80320 80340 80360 80380 80400 80420
my, [MeV]




Probability distributions

Probabilistic treatment of possible outcomes

= Probability Distribution

Example: two-coin toss

— Fractions of eventsin each bini
converge to a limit p,

Probability distribution :
{P}fori=0,1,2

Properties
« P30

. IP=]

1 trials

s

0.8

0.6

0.4/

0.2

- 0.00 0.00 1.00
%05 15 2 25 3

Number of heads
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Probability distributions

Probabilistic treatment of possible outcomes
= Probability Distribution

Example: two-coin toss 100000 trisis
— Fractions of events in each bin i 50000;_
converge to a limit p, 40000f
30000]-
PI’ObiI!ItY distribution : S0000L.
{P.}fori=0,1,2 :
10000}
- 0.25 0.50 0.25
Properties %05 1 15 2 25 3

Number of heads

« P30
« IP=1
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Probability distributions

Probabilistic treatment of possible outcomes

= Probability Distribution

Example: two-coin toss

— Fractions of eventsin each bini
converge to a limit p,

Probability distribution :
{P}fori=0,1,2

Properties
« P30
+ XIP=l

100 trials

500

a0F

30l

20[-

10F

F 024 0.56 0.20
Y05 1 15 2 25 3

Number of heads

12



Continuous Variables: PDFs

Continuous variable: can consider per-bin probabilities p,, i=1.. n

50 bins

0.08[
0.07f
0.06F
0.05F
0.04f
0.03f
0.02F
0.01

ol

Generalizes to multiple variables :
- P(x,y) >0
- [PXy)dxdy=1

' "bins

Bin size - 0:

Probability distribution function P(X)

- PO >0, J PX)dx =1

— High values < high chance to get
a measurement here

Contours: P(x,y)

y 5%

13



Random Variables

X, Y... are Random Variables (confinuous or discrete), a.ka. observables :
— X can fake any value x, with probability P(X=Xx).

— P(X) is the PDF of X, a.k.a. the Statistical Model. 07

— The Observed data is one value x___of X, 04
drawn from P(X). 03

5 bins

0.6
0.5

0.2}
01

X

0

500 bins

5 4 3 2 10 1 2 3 4
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PDF properties: mean

PDF Mean
0.18F
0.161-
E(X) = <X> : Mean of X - expected outcome  0.14-
on average over many measurements 0.12
0.1
0.080
(X) = Z x; P, or 0.06.
! 0.04
(X):fo(x) dx 0.02
S 20 25 30
— Property of the PDF PDF Mean Sample Mean
1_
For measurements x,... X, -
then can compute the Sample mean: 0.8
_ 1 0.6F
X = —Z X; -
n-; 0.4F BN
— Property of the sample o_zf— \\
— approximates the PDF mean. L Y YIS,
Y3 2 3 0 1 2 3 4

15



PDF properties: (co)variance

0.4
. 0.35]
Variance of X: 0.3f

Var(X)=( (X —(X))") :OE

— Average square of deviation from mean 0.1
0.05

- RMS(X) = VWar(X) = o, standard deviafion o=

—4 [ N = = .

Can be approximated by sample variance:

5= ——3 (x,—%)*

n—1%

Covariance of Xand Y:

Cov(X,Y)=( (X — (X)) (Y = (Y)))

— Large if variations of X and Y are “synchronized”

Cov(X,Y)
\/Var(X)Var(Y)

Correlation coefficient  p =

16



PDF properties: (co)variance

17



JLinear” vs. ,non-linear” correlations

For non-Gaussian cases, the Correlafion coefficient p is not the whole story:

P 1 0.8 0.4 0 0.4 0.8 1
/'- - - - 2 17
e N N
& 0 0
. o ' o o )
N a2l 3 i Gt
8 SRR g TN %ﬂ?;
5 ﬁ "'E’i. = }% TN
¥ % L G

Source: Wikipedia
In particular, variables can still be correlated even

when p=0: "Non-linear” correlations.

18



Gaussian PDF

o
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Gaussian distribution: 0.25

—
-
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— Mean : X,
— Variance : 02 (= RMS = 0)

1 __(X_Xo] C_I(X_Xo]

Generalize fo N dimensions: G(x s Xy C)= (2:r|: |C|)Mz e

- Mean : X

— Covariance matrix :

Var (X,) Cov(X,, X,)
Cov(X,,X,) Var(X,)

2
O PO,0,;

2
PO,0, O,

19



CENMSEREPEIMIES

“pull” of x

Consider z =

o

G(x:x,,0) depends only onz ~ &(z; 0,1)
Probability P(|x-x,| > Zo) to be away from the mean

Gaussian Cumulative Distribution Function (CDF) :

z 0.4f

®(z) :J_wG(u;O,l) du 0.35|
0.3}

In ROOT, 0.95
$(z) : ROOT: :Math: :gaussian_cdf(z) 0.l
$1(p) : ROOT: :Math: :gaussian_quantile(p, 1) 0.15!
and add "_c” to use 1-¢ instead of ¢ 0.1
0.05F

0

Z PCIX =X, > Z0)
1 0.317

2 0.045

3 0.003

4 3x10°

5 6 x 107

P(x - x | < 10) = 68.3 %

543210123 435

20



CENMSEREPEIMIES

Z  P(x=x1 >Z0)

X— X 1 0.317
Consider z = ") “pull” of x
o 2 0.045
G(x:x,,0) depends only onz ~ G(z; 0,1) 3 0.003
4 3x10°
Probability P(| x - /o)tob f th ;
robability P(|x - x| > Zo) to be away from the mean 5 6 x 107

Gaussian Cumulative Distribution Function (CDF) : P(Ix - X | < 20) = 95.4 %
0 - . o

z 0.4f
(I)(z) _J_wG(u;O,l) du 0.35)
0.3}

In ROOT, 0.950
$(2) : ROOT: :Math: :gaussian_cdf(z) 025
$-'(p) : ROOT: :Math: :gaussian_quantile(p, 1) 0.15!
and add "_c” to use 1-$ instead of ¢ 01

—_ 0.05f
a -'.::::'_|.'.:.|'=;-'=-1.:'.1"1 quantile c(0.05/2, 1 Q_s _4 _3 _2 _.I 0 1 2 3 4 5
21




CENMSEREPEIMIES

Z  P(x=x1 >Z0)

X— X 1 0.317
Consider z = ") “pull” of x
o 2 0.045
G(x:x,,0) depends only onz ~ G(z; 0,1) 3 0.003
4 3x10°
Probability P(| x - /o)tob f th ;
robability P(|x - x| > Zo) to be away from the mean 5 6 x 107

Gaussian Cumulative Distribution Function (CDF) :
P(lx - x | < 30) =99.7 %

(I)(z) — Jiw G(u;O,l) du 003;

0.3;
0.25

0.2+
0.15
0.1
0.05¢
t:::-_|.-.:.|-::.-:.1.;.1--1 quantile c(8.05/2, 1 0:

54321012 3 45
22

In ROOT,

$(z) : ROOT: :Math: :gaussian_cdf(z)

$1(p) : ROOT: :Math: :gaussian_quantile(p, 1)
and add "_c” fo use 1-¢ instead of ¢




Central Limit Theorem

(*) Assuming O, < &
and other regularity
conditions

For an observable X with any distribution, one has(*)

n

¥ = 2% Y G((x), )

n;-;

What this means:

* The average of many measurements is always Gaussian, whatever the
distribution for a single measurement

+ The mean of the Gaussian is the average of the single measurements

* The RMS of the Gaussian decreases as +/n : smaller fluctuations when
averaging over many measurements

Anoth on, -
for:(’?he;esrulvrrei:rS|On Z X; " G( n{(X), Vn GX)
i=1

Mean scales like n, but RMS only like vn

23



Central Limit Theorem in action

Draw events from a parabolic distribution (e.g. decay cos 6%)

1;'_‘-.\ ff'li n= 1
O.BE— \I'\..\\ .I;;,# 0 - 03 —
0.6 \\.\ /,f’f
04\ // 0.025
02 \ 0.02
G_ .............. “.‘m, ..... / ..........

_C)

O

—he
|||||||||-|'|||||||||||||| T 1

0770806-04-02 0 0204 06 0.8 1

X

Distribution becomes Gaussian, although very non-Gaussian originally
Distribution becomes narrower as expected (as 1/vn)
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Central Limit Theorem in action

Draw events from a parabolic distribution (e.g. decay cos 6%)

1{ / n=2
08\ 0.035[
0.61 \\ ;’; E
B \ / —
b\ ) , 0'03§
0_2; \ / 0.0255—
A o 0.02F
-1 -0.8-06-04-02 0 0204 0608 1 -
0.015F
0.01

n
_ 1
x = =Y x. —s 0.005
n “

0170.8-06-04-02 0 02 0.4 06 0.8 1

X

Distribution becomes Gaussian, although very non-Gaussian originally
Distribution becomes narrower as expected (as 1/vn)
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Central Limit Theorem in action

Draw events from a parabolic distribution (e.g. decay cos 6%)

I J n=38
o.af—\'\'\.\ f,;"f -
SN / 0.03F
0.62_ \'\ /’; [
o\ /’ 0.0250
°% \\\\ / 0.02-
0T 05060402 0 02040508 1 -
0.0151
0.01
_ 1 -
x = =Y x, 0.005f
n 1 ot

108060402 0 02040608 1
X
Distribution becomes Gaussian, although very non-Gaussian originally

Distribution becomes narrower as expected (as 1/vn)

26



Central Limit Theorem in action

Draw events from a parabolic distribution (e.g. decay cos 6%)

1 n=20
08\ 0.045}
0.62— '\‘\,\ /;"'; 0.04f
oa \ // 0.035F
02f \ / 0.03;—
T R PR A T L R 0.0251
0.02[
0.015F
1 0.01§—
X = —) Xx; — 0.005F
n 0:

-1 08060402 O 02040608 E
X
Distribution becomes Gaussian, although very non-Gaussian originally

Distribution becomes narrower as expected (as 1/vn)

27



Central Limit Theorem in action

Draw events from a parabolic distribution (e.g. decay cos 6%)

1_ n=100
0.8} 0.1
o.sf | B
ol 0.08
0.2 B
| 0.08]
-1 -0.8-06-04-02 0 02040608 1 B
0.04F
) -
_ 1 -
=13y 0.02

n =1 § | | | | | I |
04 080604020 02040608 1

%
Distribution becomes Gaussian, although very non-Gaussian originally

Distribution becomes narrower as expected (as 1/vn)

28



Chi-squared

Chi-squared

Multiple Independent Gaussian
variables X: Define

0
X — X;

2

1

Measures global distance from

= m'||||||||||||||!|||||||||||||\'

reference point (x,%.... x % kOB e

|
::::::

Distribution depends on n ; 0.35

Rule of thumb: x°/n should be < 1

0.15
Exact distributions in ROOT: 0-1
ROOT: :Math::chisquared_pdf(x, n) 0.05

® oW N S

ROOT: :Math::chisquared_cdf(x, n) S E— 3 p R SRR S

29



Multiple Independent Gaussian
variables x: Define

0
X; — X;

a.

1

n 2

xX'=2

i=1

Measures global distance from
reference point (x,°.... X %) <

Distribution depends on n :

Rule of thumb: x°/n should be < 1

Exact distributions in ROOT:
ROOT: :Math::chisquared_pdf(x, n)
ROOT: :Math: :chisquared_cdf(x, n)

U.,'||||||||||||||!||||||||||||||'

T >

7

x |
N -
S
S -
| ]

=5 3 I3 3 3

0 O W N -

S III|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII

¥3/n
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Histogram Chi-squared

Histogram x2 with respect to a reference shape:
* Assume an independent Gaussian distribution in each bin
* Degrees of freedom = (number of bins) — (number of fit parameters)

25_ """""""" N A LA e ]
i n=10 ] :
2ol w2 =129 E BLUE histogram vs. flat reference
- P(x?) =23 % 1 X2 =129, p(x?=12.9,n=10) = 23%

10_11 ..... - I S— - [
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Histogram Chi-squared

Histogram X2 with respect to a reference shape:
*  Assume an independent Gaussian distribution in each bin
* Degrees of freedom = (number of bins) — (number of fit parameters)

i n=10
20 ¥2 =9.5
- p(x?) = 49 %

IH ..... . L

10F

_ BLUE histogram vs. flat reference

- x2=129, p(x?=12.9,n=10)=23% o
. RED histogram vs. flat reference

] x2=388, p(x2=38.8,n=10) = 0.003% X
1 RED histogram vs. correct reference
TI X2= 9.5, p(x?=9.5, n=10) = 49% ¢

ROOT commands:

32



Error Bars

Strictly speaking, the uncertainty is given by the model :
— Bin cenfral value ~ mean of the bin PDF

— Bin uncertainty ~ RMS of the bin PDF
The data is just what it is, a simple observed point.

= One should in principle show the error bar on the prediction.
— In practice, the usual convention is to have error bars on the data points.

28T e e RN RRRRNRARE A s N AR RS RN RAR AR RN

201

:III ..... k. =h :H ...... [ II

5 -: 20




Example analyses

Example 1: Z=ee Inclusive ofi ohys. Loft. B 759 (2016) 601

Measurement Principle:

Signal events 34865+ 187 +7 + 3
Correction C 0.552 Ho08
o9 nb] 0.781 + 0.004 + 0.008 + 0.016
35000 *= 187

-o Data Ze'e
FEIMC Stat. @ Syst. Unc.  ATLAS

13 TeV, 81 pb”’

1 1758

te [JZ—eE

Entries / GeV
=

B Diboson
EZ-a't
o= N o — kag (81 = 2) pb " ':'Tc"”i‘i'::,.ﬂ"
CulL -— 107 et
T 0.552.£0.006 O
: : : Y i Bt AL B
Simple uncertainty propagation: S e i

Mg [GaW]

od=0.781 = 0.004 (stat) = 0.008 (syst) = 0.016 (lumi) nb

— Simplest possible example in several ways (from the Statistics point of view!)
— “Single bin counting” : only data input is n

data’
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Example analyses

Example 2: ttH=bb arXiv:1712.008895

= T T T T T T T
5 goo ATLAS oData mitH ;
P = a0 [Cti+light Ot +21c
o . . gﬂ 1SI—13TeV,36.1 fb Wti->b [tE+V
(1%, 2) jet  Dilepton, = 4 ] g 500} Dilepton CiNonf  ~Total unc.-
b-tagging SR3! -—-1TH (norm)
discriminant Post-Fit
(3, 3) CRis=1c 400
(4,3) / Hl L
(5 3) \
/|
(4, 4) \ CRy gkt
(5, 4) SR =
3
55 SR SR = o A o P
( } ; d 9:_ ._;\_._'z.’_f_&\'.,_'-'._.Q._,.':."._&?'x,_'f.gﬁk&w&{,._'a-{. ’ ", .. ’\. 52 ’
(5.5) (5. 4) (5, 3) (5,2) (4, 4) (4,3) (4 2) (3,3) (3.2) (2.2) (5. 1) (4,1) (3, 1) (2, 1) (1, 1) (3, &%) jet £
b-tagging O 055 Gg 06 04 02 0 02 04 06 08 1
discriminant
Classification BDT output
E T T T T T
o ATLAS # Data Wi [t + light : : ; ; .
5G| 13TV, 310 [fsstc Mfexb .V ] Event counting in different regions:
e Dilepton [JNon-it Total unc. ---ttH . . .
400 L pre-Fi : Multiple-bin counting

1055._.._._....._....._...

Lots of information available
— Potentially higher sensitivity
— How to make optimal use of it ?

Data / Pred.
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Example analyses

Example 3: Unbinned shape analysis

Events / 20 GeV

Data - fitted background

10°
10*
10°
10°

10

107"

Phys. Lett. B 775 (2017) 105

e
ATLAS

+  Data

B —— Background-only fit ?
E Spin-0 Selection E
- Vs =13 TeV, 36.7 fb" _
F 5
E E
I =

500 1000 1500 2000 2500

m,, [GeV]

Describe spectrum without
discrete binning

— use smooth functions of a
continuous variable.

Unbinned shape analysis

— No binning effects
— Use all available information

— How to describe the shapes ?

36



Counting events

Consider N fotal events, select good events with probability p.
Probability fo get n good events ?

Binomial distribution : P(n N, p) NP"(I_p)N—n
Mean = Np N trials

Variance = Np(1 - p) _— — —

Sy 8 A
\ n good events //"

However suppose p<KL I, N> 1, andlet A =Np:
— [.e. very rare process, but very many trials so still expect to see good events

n
. « g . -y
Poisson distribution: P ( n; )x) =e 7“—'
Mean = A ‘I n. A\
N—n n<N N»1
Varionce = A = RMS =+ (1=p)"" "~ (1=

$
For n expected events, the uncertainty is Vn

37



Rare processes ?

proton - (anti)proton cross sections

HEP : almost always use Poisson o

F T ——5 10
distributions. Why 7 .o _ o A _
10" F Teva:tron LHC 3
ATLAS : I | P
* Eventrate ~ 1 GHz i o /
10' E ! ; ! -
(L~10* cm?s'~10 nbb''/s, o,_~10° nb, ) ok | L
+ Trigger rate ~ 1 kHz - (B > Ve/20) :j:
(Higgs rate ~ 0.1 Hz) S o I
i i © 10’ Fg (E> 100 Gev) N
S p~10¢<1(p,,, ~ 107 o :§_;
10? | = -
A day of data: N ~ 10 >> 1 o %
. . 10 _ O_ZZH : : 3
= Poisson regime! ot sy {o:
10° L Fror [wa S’rlﬂlr;g.prrvq’re _
(Large N = design requirement, or e, leemmneeen 1
0.1 1 10
to get not-too-small A=Np...) Vs (TeV)

~ 10°
10"
10°
5 —
10° 7,
o
10° £
o
10° &
o
s
102
Il
|
10"
o 2
10° 5
1)
10" ¥
S—
[7p]
-2
107 =
9
10° 2
10°
10°
10°
107
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Poisson distributions

P(n;?x.)ze_}”)—Li

A=0.5 n!
0.6;=
0 53_ A expected
T F number of events
0.4H
0.3F Mean = A
0_23_ Variance = A
- o =)\
0.1 _L

o5 70 15 20 25 30

* Discrete distribution (positive infegers only), asymmetric for small A
* Typical variation (RMS) of n events is Yn
* Central limit theorem : becomes Gaussian for large A :

A=

P(A) » G(A,VA)

39



Poisson distributions

Y )\”
A =3 (n )\‘) ‘n’

0.22

0.2
0.18
0.16
0.14
0.12

0.1
0.08
0.06
0.04
0.02

A expected
number of events

Mean = A
Variance = A
o=\

~5 10 15 20 25 30

o=

* Discrete distribution (positive integers only), asymmetric for small A
* Typical variation (RMS) of n events is ¥n
* Central limit theorem : becomes Gaussian for large A :

Ao

P(MA) » G(A,VA)

40



Poisson distributions

n
Yy
P(n;h)=e Lo
n!
0.12F ‘
- A expected
0-1:— number of events
0.08}-
0.061 Mean = A
- Variance = A
0.04
i o =)\
0.02
0 25 30

* Discrete distribution (positive integers only), asymmetric for small A
* Typical variation (RMS) of n events is Yn
* Central limit theorem : becomes Gaussian for large A :

P() 3 G(h, V)

41



Poisson distributions

P(n;\)=e "=
A =20 ‘”!

0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02
0.01

A . expected
NnuMber of events

Mean = A
Variance = A
o =V

5 10 15 20 25 30

<

* Discrete distribution (positive integers only), asymmetric for small A
* Typical variation (RMS) of n events is Yn
* Central limit theorem : becomes Gaussian for large A :

P(A) > G(A,VR)

42



Statistical model for counting

Counting experiment:

Observable: number of events n
— describe by a Poisson distribution

P(n;N)=e" A

n!

~ 15 20 25 30

Typically both signal and background expected:

n
P(n . S B): e—(s + B) (S + B) S : # of events from signal process
> n! B . # of events from bkg. process(es)

We have assumed a Poisson distribution for n : This is our model, based on
physics knowledge (but usually a very safe one).

Model has parameters S and B. B can be known a priori or not (S usually not...)

— Example: can assume B is known, use the measured n to find out about the

parameter S.

|—> usually up to uncertainties — systemartics 43



7->ee inclusive ofid

Measurement Principle:

Signal events 34865 + 187+ 7 + 3
35000 * (V35000 = 187) e Sgdr;s;;m . 0.781  0.004 + 0.0%2125.86%126
‘ / ) Phys. Letft. B 759 (2016) 601

ol — M gara™ N i (81 % 2) pb"

Simple uncertainty propagation:

od=0.781 = 0.004 (stat) = 0.008 (syst) = 0.016 (lumi) nb

| N/

Statistical uncertainty: Systematics: more on
Derived from assumption this in Lecture 3

that n__,_is ~ Poisson(S+B)

44



Observable: set of values m,... m_, one per event

— Describe shape of the distribution of m
— Deduce the probability to observe m.... m_

H—-Yyy-inspired example:
. Gaussian signal Py (m) = G(m;my,0)
+ Exponential bkg Py,(m)=o0 e "

. Expectedyields: S, B
= Total PDF for a single event:

Ptotal (m)

—om

a e

G(m;mH,G)+

~ S+B S+B

= Total PDF for a dataset Probability to observe

Probability to observe n events  the value m, l

}

Normalized events per GeV
f=]
&

710 420 130 140 150 160
m (GeV)
< 0.03
& B
g 0025 Background
£ ooz
& 0.015
'8 |-
8
E 0.01:—
5 os-  SlOPE a
066110 20 130 140 150 160
m (GeV)
) E
@ P
© 0.025
g Total
£ 002
2
& 0.015"
U |
N
2 oot
E
S 0.0051
oo

P({mi}izl...n) = e—(s+3)M ﬁ > G(mi;mH,U) +

n! -7 S+B

110

20 130 140 150 160
m (GeV)

—am,

oe

S+B
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Unbinned shape analysis

L
3

JHEP 11 (2018) 185

-1
CMS 35.9 b (13 TeV)
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Binned shape analysis

Instead of using m,...m_ directly, can build a hisftogram n_...n,,.

— N___:number of bins : .
bins Per-bin fractions (=shapes)
of Signal and Background £ efamas et A
L% 500 gg‘igjm“ 5E£nﬂb .¥o+ta\;runc.f
l ‘ 400 Po:t-FIt - fhorm)
< o (SEB) T
_ —(Sfs,+Bfy. S,i B,i e
P((n};s,B)= [[ e Blatolnd e,
i=1 nl . 100
— _
—-V-'— g 0
Poisson distribution in each bin

0'5—1 -8 -06 -04 02 0 02 04 06 08 1

Classification BDT output

N
N

=1: Counfing analysis

bins
—0: Unbinned shape analysis (the fractions become PDF values)

bins

Shapes specified through f, , f;; rather than P, (m), P, (M)

® Obtained directly from MC, no need to define contfinuous PDFs.
© MC stat fluctuations can create artefacts, especially for S<kB.

signal
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How to describe data

Physics measurement dafa are produced through random processes, = .. .- /i
Need to be described using a stafistical model:

Description Observable Likelihood

Counting Poisson

P(n;S,B) = osen S+ BS

Binned shape  FIYNSSMIN
analysis |

. Poisson product
Ins Nh

i bkg \n;
{Sffhar}"*%)(s f?lg + B f:‘ g)n

P(n;;S,B) = He_

i=1 n;!
Unbinned m,i=1.n_,, Extended Unbinned Likelihood
shape analysis e—{s +B) Mews
P(m;;S,B) = HS Psig(mi)+B Pbkg(mi)
Neys:  i=1

Model can include multiple categories, each with a separate description
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