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Reminders From Lecture 1

Physics measurement data are produced through random processes, .. - i
Need to be described using a statistical model:

Description Observable Likelihood

Counting Poisson P(n:S,B)=e
n; b —

n!
Binned shape n,i=1.N_ Poisson product - bk
. Npjins - e g S f?lg + B f g)"i
analysis P(n .S B)ZHe (Sf®+Bf, )( i i
v i=1 n;!
Unbinned m,i=1.n_, Extended Unbinned Likelihood
shape analysis —(S+B) Mews
P(’",,S B HSP51g +B Pbkg( )
EVtS

Model can include multiple categories, each with a separate description
Includes parameters of interest (POls) but also nuisance parameters (NPs)



Reminders from Lecture 2: Discovery Significance

Given a statistical model P(data; ), define likelihood L(y) = P(data; p)

To estimate a parameter, use the value | that maximizes L{u).

L(H
To decide between hypotheses H , and H., use the likelihood ratio ( 0)
L(H,)
L{S=0) -
To test for discovery, use  q, = —2log ;(3) | °=0

For large enough datasets (n > 5), Z = \/;o

For a Gaussian measurement, Z = %
. A g A
For a Poisson measurement, Z = 4§ 2 (S+ B) log|1 + Bl S
3




Reminders from Lecture 2: Limits & Intervals

Limits : use LR-based fest statistic: q;, = —2log L(S=AS°) S < So

° L(S)
— Use CL, procedure to avoid negative limits

L ATLAS —— Observed

10°E Vs=13TeV,36.1 61 == Expected 5
F gy X7 +1 std. dev.
L 39_ 0 NWAY + 2 std. dev. ]
s —— Observed from
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o
S
I
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ensemble tests 3
------ Expected from 7
ensemble tests

Poisson regime, n=0: 3§ =3 events

95% CL Upper Limit on ¢ x B [fb]

1 3
3x102 10° 2x10° 3x10°

L(u=p,)

Confidence infervals: use  t, =—2log

— 1D: crossings with t ;= 2% for +Za infervals
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Outline

Expected results and toys
Pseudo-experiments and Asimov datasets



Generating Pseudo-data

Model describes the distribution of the observable: P(data; parameters)
= Possible outcomes of the experiment, for given parameter values
Can draw random events according to PDF : generate pseudo-data

P(\A=5) - 2,5,3,7,4,9, ...

Each entry = separate “experiment”

30001

Generate
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Expected Results

—— Observed CL limit ATLAS

102 ---- Expected CL_limit {s =13 TeV, 36.7 fb” _
; - Expected + 1o Spin-0 Selection ;
i Expected + 26 NWA (I'y = 4 MeV) .

10

95% CL Upper Limit on c,,, x B [fb]

e
<
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Expected Limits: Toys

Expected results: median outcome under a given hypothesis
— usually B-only for searches, but other choices possible.

Two main ways to compute:

- Pseudo-experiments (foys):

* Generate a pseudo-dataset in B-only hypothesis

 Compute limit Phys. Lett. B 775 (2017) 105
* Repeat and histogram the results l l | | |

—— Observed CL, limit ATLAS

. 102 ;— - - - - Expected CLS limit Vs=13TeV, 36.7 fb"
* Central value = median, bands - Expected + 16 Spin-0 Selection
based on quantiles 5 Expected + 26 NWA (T = 4 MeV)

Per Limit on o, x B [fb]

68% of toys N 95% of toys
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https://arxiv.org/abs/1007.1727
http://www.sciencedirect.com/science/article/pii/S0370269317308511?via=ihub

Expected Limits: Asimov Datasets

Expected results: median outcome under a given hypothesis
— usually B-only by convention, but other choices possible.

Two main ways to compute: Strictly speaking, Asimov dataset if
X = X, for all parameters X,

/ where X is the generation value
— Asimov Datasefs

* Generate a “perfect dataset” — e.g. for binned
data, set bin contents carefully, no fluctuations.

* (Gives the median result immediately:
median(toy results) « result(median dataset)

* Get bands from asymptotic formulas:
Band width

Events / { 0.5 GeV )

S,
q So( Asimov)

2
Os,,a =

0>

_IIII|IIII|IIII|III
Fho 110 120 130

® Much faster (1 “toy”) m,, (Gev)

| | |
140

IIIII_
150 160

© Relies on Gaussian approximation 9



Outline

Expected results and toys

Dealing with non-asymptotic situations



Beyond Asymptotics: Toys

Asymptotics usually work well, but break down in
some cases — e.g. small event counts.

Solution: generate pseudo data (toys) using the PDF,
under the tested hypothesis

— Also randomize the observable e
(6°F%) of each auxiliary experiment: G(G ;0
— Samples the frue distribution of the PLR

’ Y syst)

= |Integrate above observed PLR fo get the p-value
— Precision limited by number of generated toys,
Small p-values (60 : p~107!) = large toy samples

Number of toys
5 3

—_
o
[AS]

—_
o

107

CMS-PAS-HIG-11-022

CMS Preliminary \s=7TeV L, =0.2-0.9 fb

Higgs Combination at m = 250 GeV
_ f(qo) for bkgd-only pseudo-data

— x2 with ndof=1

—q, observed

5 10

Test Statistic qO

Repeat N, times

Normalized events per GeV

A
-~ > 3000 B
B 8 b
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— = 2500F T
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http://cds.cern.ch/record/1376643

Toys: Exqmple JHEP 10 (2017) 112

ATLAS X—Zy Search: covers 200 GeV < m, < 2.5 TeV
- form, > 1.6 TeV, low event counts = derive results from toys

> 4 AT AG | 1 Q9 N |
o 10" & ATLAS 5 &= i e ]

S = /s =13 TeV, 36.1 fb" T m ATLAS Observed
810 = i 1 % 10°: {s=13TeV, 36.1 b Expected .
* - 1 © - SX 7 + 1 std. dev. -
£ 10° - 1 5 - 99 v + 2 std. dev. T
2 E 12 - Jy =0, NWA -
I 10 = 1 E ol —— Observed from N
- 1 35 10°E ensemble tests 3
1s = s I Expected from
10-' & - Data 1 g i ensemble tests
-~ — Background fit ] - 10 AT =
0% N O = N g
g 4 T 1R : -
c o . o L -

S o'-'j—-*“-lf-.‘w"wﬂ—'— &

5 5. ] 3 | E

A 2 T8 3 ' ‘ E— '

310 10 3x10? 10° 2x10° 3x10°
2, [GeV]

my [GeV]
Asymptotic results ( ) give optimistic result compared 1o toys (in blue)
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HIGG-2016-14/

Historical Aside
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Classic Discoveries (1)

[

"
- —

¢y Discovery

In this graph, the blue data points show a sharp
peak in the number of hadrons produced at a
narrow range of energies - evidence of the J/¥
particle. The horizontal axis shows the energy
of one of the pair of SPEAR beams, measured in
GeV. The height of the peak is so great that,

to fit the plot on one sheet of graph paper, the
vertical axis is compressed into a logarithmic scale.

L

Huge signal
S/B~50
Several 1000 events

Z° Discovery

o |

K IR e e fi
T ]
LEM}/;EM
"y 10.4 A /
i ]
1433 /100! e'e
] Ly
0 Y 1
{54 [ T
v a2 {

(almost) no
background

0€-GO-€861 ‘J1Yoy| T 4O »oogboT
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Classic Discoveries (2)

1’ : discovered in the control room

by the (lucky) shifters
<ON of GloRX Yy ( Y)
@&.Mm/ N Lﬁt.e) Reb -q;&x\ Jc: ,\4; \Q :

ML K1 «N

A e A e IR

D@ Preliminary Top Cross Section

20.00 : ,
Run 1A

Run 18

'Run 1A & 18 Combined
'NNLO Cross Section |

Cross Section (pb)
8

.00
. 140 150 160 im 180 180 200

Top Mass (GeV)

qrac

First hints of top at DO:
O(10) signal events,
a few bkg events, 2.4
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And now ?

Short answer: The high-signal, low-background experiments have been done

already (although a surprise would be welcome...)

e.g. at LHC;

* High background levels, need precise modeling
* Large systematics, need to be described accurately
« Small signals: need optimal use of available information :

— Shape analyses instead of counting

— Categories 1o isolated signal-enriched regions

" ATLAS Preliminary.

s =13 TeV, 36.1 fb™
m,, = 125.09 GeV

In(1+S/B) weighted sum

3 F
& 700— ¢ Data
P b Background
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-045/
https://link.springer.com/article/10.1007/JHEP12(2017)024
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Dealing with non-asymptotic situations

Profiling

Look-Elsewhere Effect

Bayesian methods

Presentation of results



Reminder: Wilks’ Theorem

. L(S=S,)
Consider  t; =—2log L(§)

— Assume Gaussian regime (e.gQ. large n_ .

Central-limit theorem) : then:

Wilk’s Theorem: t_, is distributed as a x?

under H, (5=S):

f(tso | S=S°) = fxz(ndof=1)(t50)

= The significance is:

Z =4q,

0.5

Cowan, Cranmer, Gross & Vitells
Eur.Phys.J.C71:1554,2011

0.45
0.4
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0.3
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0.1
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$<0
2(n

dof )
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value q,°
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‘ large S
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Profiling

How to deadl with nuisance parameters in likelihood ratios ?
— Let the data choose = use the best-fit values (Profiling)

= Profile Likelihood Ratio (PLR)

R /6(50) best-fit value for S=§,
L(S=S,6(S,)) (conditional MLE)

t, =—2log =
L(S,B) ~— 8 overall best-fit value
(unconditional MLE)

Wilks’ Theorem: same properties as plain likelihood ratio
f(tso | S= So) = fXZ(,,dof=1)( tso) also with NPs present

— Profiling “builds in” the effect of the NPs

= Can use t,, fo compute limits, significance, etc. in the same way as before ”



Homework 7: Gaussian Profiling

Counting experiment with background uncertainty: n= S + B ;

— Signal region (SR): n__ ~G(S + B, o) L(S,B) = G(ng,;S + B,0,) G(By,;B,0y,)
— Control region (CR): B, ~ G(B, o, )

Recall: Signal region only (fixed B): ¢, =

— Compute the best-fit (MLEs) for S and B
— Show that the conditional MLE for B is

A

E('S) = Bobs+

2
o bkg

that-l-cikg
— Compute the profile likelihood t

— Compute the 1o confidence interval on S

2

_ 2
0'S - Jostat + 0-bkg

S = (nobs_Bobs) + Jcstatz + Gbkg

Stat uncertainty (on n) and systematic (on B) add in quadrature

22


https://arxiv.org/abs/1007.1727

Systematics Implementation

Prototype: NP measured in a separate auxiliary experiment
e.g. luminosity measurement

— Build the combined likelihood of the main+auxiliary measurements

Independent

( u,0;main data) L, ( 0 ; aux. data) measurements:
= just a product

L(n,0;data) = L

main

Gaussian form offen used by default: L, (6;aux. data) = G(6°*;0,0_,,)

? ™ syst

— Often no clear setup for auxiliary measurements
e.g. theory uncertainties on missing HO terms from scale variations
- Implemented in the same way nevertheless ("pseudo-measurement™)

23



Uncertainty decomposition

All systematics NPs excluded : statistical uncertainty only
All systematics NPs included: stat+syst uncertaintes

2InA\

ATLAS

H — yy, m,=125.09 GeV

e

— Total — Theory — Stat

1

10 int

Subtraction in quadrature

_ 2 2
o'syst,tot E Jo’total — Ostat

0.7 0.8

u = 0.99 + 0.12 (stat) + 0.06 (syst) + 0.06 ( theo)

0.9

1

12 4 13 y 1.4

24



ot4j,2b 2l4),3b ol4],z4b

Profiling Example: {tH—=bb A

o == o] 0

Analysis uses low-S/B categories fo constrain backgrounds. — oo e s

S/\B
S/\B
S/\B

S/B=0.1% S/B = 0.6% S/B = 3.6%

— Reduction in large uncertainties on t bkg 5 ;. o
— Propagates to the high-S/B categories through the mm—l
stafistical modeling
= Care needed in the propagation (e.g. different o - -
kinematic regimes) : : :
> i AR R DR R R R R AR RN AR R AR RERRE RRRLE RARRE RRREE
& - ATLAS Preliminary -e-Data i - ATLAS Preliminary -e-Data E
g 10000/~ \s=13TeV, 13.2 fb" EEH iaht F \s=13TeV, 13.2 fb™ -EH it . >
B . + 1l T — . I —
= | Dilepton Stiae - Dileptor Ctezie | 2
£ sooo-24],2b mti+ >1b - >4],2b mti+>1b 4 >
o [ Prefit mtt+VvV. ] - Post-fit mtt+v. 1 ¢
Ll [ ]Non-tt . s [ ]Non-tt 1 0
6000 - Uncertainty ] 3 77z Uncertainty 5 CZ)
i 1 - 1 T
4000— ] E B
: : EReY
2000_— 7 Y 7 g 8
e e | opade— :
5 15t B :
DL_ 1 % 4177 ] o 1 B — : : . st pansecd
5 05F ©075 3 3
8 ° 7200 300 400 500 600 700 800 900 1000 & °° 7200 300 400 500 600 700 800 900 1000

H [GeV] H' [Gev] 25



Profiling Takeaways

When testing a hypothesis, use the best-fit values L(n= W, euo)
of the nuisance parameters: Profile Likelihood Ratio. L(ﬁ 6

Allows to include systematics as uncertainties on nuisance parameters.

Profiling systematics includes their effect into the total uncertainty.
Gaussian:

2
syst

_ 2
0‘total - Jostat +0

Guaranteed to work well as long as everything is Gaussian, but typically
also robust against non-Gaussian behavior.

Profiling can have unintended effects — need to carefully check behavior

33



Outline

Look-Elsewhere Effect


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-080/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-080/

10*

Look-Elsewhere effect : ou :
P % —— Background-only fit %
g 102;_ Spin-0 Selection _;
. . . = Vs =13 TeV, 3.2fb" 3
sometimes, unknown parameters in signal model 10k Ly -
e.g. p-values as a function of m, E + ‘ H ]
= Effectively: multiple, simultaneous searches i
- If e.g. smalll resolution and large scanrange, = g+ ' g
many independent experiments g 108l # Y =
2ol 0 ow
3 0 Lol || 5
. H ' E
<§ ~104r, ) E
o B N B e o B I B B LB, 200 400 600 800 1000 1200 1400 1600 1800 2000
‘_E 1 06 E m,, [GeV]
< E 1c E
107 = =
b 1 = More likely to find an excess
107 g = .
- U : anywhere in the range, rather
~ 30 7 \ . \
Lo = /- - = than in a predefined locatfion
i f5=13TeV, 3210 1 = Look-elsewhere effect (LEE)
104 & NWA —
40 e e Spin-0 Selection
10 “=556~"400 600 800 1000 12001400 1600 1800 2000

m, [GeV]
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Global Significance

Probability for a fluctuation anywhere in the range — Global p-value.
at a given location — Local p-value

For searches over a parameter range, the global p-value is the relevant one

— Accounfts for the actual search procedure: look for an excess anywhere in

the scanned range ATLAS Preliminary  {s=13TeV, 321" Spin-0 Selection

g e
— 10
— Depends on the scanned £ I3-5 %
parameter ranges = g 3 £
252
6 5 Eg
e.g. X-vyy: 4 1o
. 200 < m,< 2000 GeV 2 |
« 0<T,<10%m,.

o

QOO 400 600 800 1000 1200 1400 1600
m, [GeV]

- P, 1S What comes out of the usual formulas
How to compute p (orN. )?

global trials

38



/20 GeV
S
> ]
S ]
>4
(IJA
w1l

Global Significance from Toys e

Vs=13TeV, 3.2 b’

Event
)
I

local 3.96 .
Principle: repeat the analysis in foy data: 5 — \ H :
— generate pseudo-dataset I

— perform the search, scanning over parameters
as in the data

— report the largest significance found o
— repeat many times m, (GeV]

Data - fitted background

100 [®e
Ve

= The frequency at which a given Z; is found is the global p-value

e.g0. X=yySearch:Z =390 (=p__, ~ 5109,

— However we are scanning 200 < m,< 2000 GeV and 0< T, < 10% m, !

local

— Toys : find such an excess 2% of the time somewhere in the range

~2 102,12 = 2.10 Less excifing, and better indication of frue Z!

=
pglobal global

@ Exact treatment

© CPU-intensive especially for large Z (need ~O(100)/p toys)

global
39



Trials Factor

Trials factor N = # of independent searches:

Global — pglobal =1~ (1_plocal)N ~ N plocal — Local
p-value f p-value

Trials factor

% 104§\|“I|' o [ L R [ L | \|"§

A e A N

: S:; 103§ : : : : —:— Bz;ckgro:md-o;ly fit: E
Naively, one could expect 2B 0 0 d o a s
SN ) 3 SPOSpedion 4

= 11 {sE13WeV,32f"r a1 S

R

272 scan range Lo il ‘: H: '

N s = Ninip = o8 s S

peak Wldth 10 ?: : : : : : : : 1 E

.g 15;1;: ,':I ‘=: “:: ,I:I “:1',!:5',':I"I:I._§

g o0l a4 =

However this is usually wrong ! g st Wt ooror o
Joi 05 e

o S

§ooogafdl o e
200 400 600 800 1000 1200 1400 1600 1800 2000

m,, [GeV]



Trials Factor from Asymptotics

Gross & Vitells,
EPJ.C70:525-
530,2010

Asymptotic limit : trials factor (1 POI) is N trials — L+ \/ N 1ndep local

— Trials factor is not just N.

Why ? Slicing range into N,

peaks sitting on edges between regions
= frue N,

Trials Factor

~ (00}
o o
T TTTT

N W A
© O O

()

indep’?

indep

is>N._ |

indep’

(&) (o))
o o
T T TT LILI

' Search in 10 fixed

bins: N =10 .

trials

—_
o
TT

Local Z

also depends on Z

regions misses 3

Events /20 G

Data - fitted background

Iocal ]Vj

__ SCcan range

indep = peak width

10*

S/NL RELE N LRI ELLEN N SLNLAN I RN MR B ILNLEN B ILNEN N R
Fin T A A
3 1 1 1 1 1 . . I_
10 = ! . : v i Backgropnd only fit | =
— 1 1 1 1 . : 3
102 = : . : ' Sph-0 Splectlo:n : : _
E: ! : : E:_'13-|:9V,3:2fb1: : =
o 1 1 1 1 1 1 ' . ]
PEL DWEsL 1T
- 1 1 1 1 1 1 ' . =

1 1 . : : : |
E . ! ! 1 1 1
E 1 1 1 1 1 ‘I H. M-
:l 1 1 1 1 1 . . 2

: : ' ' ! 1 1 1 1
107 ! ' 1 1 1 1 [
E 1 1 1 1 1 1 1 . =
:\,':l:!1::I::.I:::.}:,,;l:ll!l:”llllf
sl | I B
5H 1 l+ 1 ' . =
: : ; btogr -
ozj : ; : v
58 . : : BE
: ' ! 1 1 -
_105—“| : | | P
1 : P
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Trials Factor from Asymptotics

Gross & Vitells,
EPJ.C70:525-
530,2010

Asymptotic limit : trials factor (1 POI) is N trials — L+ \/ N 1ndep local

— Trials factor is not just N.

Why ? Slicing range into N,

peaks sitting on edges between regions
= frue N,

Trials Factor

N W B N (¢2] ~] (o]
(=) o o o o o o
T TTTT T TT T TT T TT TTTT TTTT

()

indep’?

indep

is>N._ |

indep’

' Search in 10 fixed

bins: N =10 .

trials

—_
o
TT

Local Z

also depends on Z

regions misses 3

Events /20 G

Data - fitted background

Iocal N o = __ SCcan range
P peak width
104§\"'II"I\"II L BN MRS B NN B BN B NN =
:ATEAS 1 1 1 1 1 1 1 | =i
— 1 1 1 1 .IDataI 1 1 I:
3 1 1 1 1 1 1 1
10 = . . . . Background onlyfit £
102;_ ! : : §pM()Sdean: : _;
- a1 ds=iTeds2tt L ¢
o O
Lo ' :‘ :H L
10_1;— : : : [ : [ . : —:;
?" ':I‘zzl:::I.::I‘.::M::!::::l: ::I‘:.I:
L -
ol O T R S S -
5;— ] ] & 1 1 1 1 1 -I;
ok . : + p o S ' S -
st || M
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200

N
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Bayesian methods



Frequentist vs. Bayesian

All methods described so far are frequentist
« Measurement outcomes are random
 Parameters value are fixed but unknown

Must be careful about meaning:

W'-0 y° y'+o

— “50 Higgs discovery”

* — if there is really no Higgs. such fluctuations are observed in only
one in 3 million experiments : P(data | no Higgs) is small

This is not the crucial question! What we would readlly like to know is
What is the probability that the excess we see is a fluctuation

— we want P(no Higgs | data) — but all we have is P(data | no Higgs)
However P(no Higgs | data) is not well-defined in the frequentist framework

44



Frequentist vs. Bayesian

same as in the frequentist

Can use Bayes’ theorem fo address this: formalism (=likelihood)
—
. Prior
P(data|no Higgs .
P(no Higgs|data) = (data|no Higgs) |, Higos) «—| Probability

P(data)

\ irrelevant normalization factor

Can compute P(no Higgs | data), if we provide P(no Higgs)
— An hypothesis ("no Higgs”) is now considered something random

— Is the presence of the Higgs in a experiment randomly chosen ?
— In fact, different definition of p: degree of belief, not from frequencies.
— P(no Higgs) Prior degree of belief — critical ingredient in the computation

Compared to frequentist PLR:

® answers the “righf” question “Bayesians address the questions everyone is

. interested in by using assumptions that no one

© answer depends on the prior believes. Frequentist use impeccable logic tfo

® In practice, frequentist and Bayesian deal with an issue that is of no interest to
methods usually give similar results anyone.” - Louis Lyons
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Bayesian methods

Probability distribution (= likelihood) :

— Same as frequentist case, but treat systematics by integrating over priors,
instead of profiling:

- Integrate out 8 to get Pw):  P(u) = J P(u,08)C(0) db

— Use probability distribution P(u) directly for limits & intervals

B

e.g. define 68% CL ("Crediblility Level”) interval (A, B) by: I P(u)dp = 68%

A

© No simple way to fest for discovery
© Integration over NPs can be CPU-intensive (but can use MCMC methods)

Priors : most analyses use flat priors in the analysis variable(s)
= Parameterization-dependent: if flat in oxB , them not flat in couplings....
— Can use the Jeffreys’ or reference priors, but difficult in practice
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Homework 8: Bayesian methods and CL,

Gaussian counting problem with systematic on background: n=S + B + O,

P(n;S,6)= (n S+B+0__0, ostat)G(GobS=0;0,1)

syst

— What is the 95% CL upper limit on S, given a measurement n___?

1. CLs computation:

* Use the result of Homework 7 to compute the PLR for S

* Use the result of Homework 6 to compute the CLs upper limit

2. Bayesian computation:

* Integrate P(n; S, 6) over 6 to get the marginalized P(n| S)

* Use Bayes’ theorem to compute P(S|n) « P(n|S) P(S), with P(S) a constant
prior over S>0.

* Find the 95% CL limit by solving f P(S|n)dS=5%

Solution: SEII;S =n—-B+|®'|1-0.05® n—B \/Ostat'l' Giyst
In both cases \/ Ot O,

stat syst

0
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Example: W =lv Search

Events

POIl: W o xB — use flat prior over [0, +o.
NPs: syst on signal € (6 NPs), bkg (6), lumi (1) — integrate over Gaussian priors

107
10°
10°
10*
10°
10?

10

10~

Data / Bkg

(post-fit)

oo —= oo

Data / Bkg

— k.

[oYo- TN O Y s Yo TN LR N

ATLAS
Vs =13 TeV, 36.1 fb
W' — ev selection

—W (4Tev) OW

— W' (3 TeV) e Data

— W' (5Tev) IBTop quark
[JMultijet
a2
[]Diboson

:I.U.I.I.Il' I\IHI.IJ] \IIII.I.Il| |I\I|Lll| IHIIIII| IIIHI.I.L| IHIII.IJJ IIIHI.I.II IIHII.IlL

3
3
L
T T T T T T T T |+ ) 'I‘.“" T
)
k
1 1 1 1 1 1 1 1 I II 1
' ¢ R~ T
).
g
1 | 1 | 1 I II 1
200 300 1000 2000

Transverse mass [GeV]

arXiv:1706.04786

Trigger Multijet background

Lepton reconstruction
and identification

Lepton momentum

scale and resolution

E%‘iss resolution and scale
Jet energy resolution

Top extrapolation
Diboson extrapolation
PDF choice for DY
PDF variation for DY
EW corrections for DY

Pile-up Luminosity
E‘ 1 O % T T T T T ‘ T T T T | T T T | T T T | T T g
Z = ATLAS 3
> [ --- Expected limit
2 0 is=13TeV, 36,1 fp!  —pectedlimit -
> 1 W' s Iv Expected + 1o 5
% I 95% CL Expected *+ 26 E
X 1071 al T
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Why 50 ?

One-sided discovery: 50 < p, =3 107 « 1 chance in 3.5M

— Overly conservative ?
— Do we even control such small probabilities ?

Reasons for sticking with 5¢ (from Louis Lyons): Local 3.90, p, = 5E-5

 LEE : searches typically cover multiple Global 2.10, p, = 2E- 2
independent regions :
= Global p-value is the relevant one $pin-0 Selection

N,.. ~ 1000 : local 56 « O(10-%) more reasonable Boiatevaze!

trials

/ 20 GeV
b Y
=
b Y
[,

* Data

—— Background-only fit

Events
=)

* Mismodeled systematics: factor 2 error in 3
syst-dominated analysis = factor 2 erroron Z... 01k

« History: 30 and 40 excesses do occur regularly,
for the reasons above

* “Subconscious Bayes Factor” : p-value should be I ;
O'l' IeOST as SmO” qas The SubJeC'hve p(S) 200 400 600 800 1000 1200 1400 1600 1800 2000

m,, [GeV]

Data - fitted background

Extraordinary claims require extraodinary evidence
= Stay with 50... 51



Outline

Presentation of results



Reparameterization

Start with basic measurement in ferms of e.g. oxB

— How to measure derived quantities (couplings, parameters in some theory
model, etc.) ? = just reparameterize the likelihood:

e.g. Higgs couplings: ©

Gygr [PO]

ggF’
O~ggF 2 OﬂggF(KV’ KF)
L(oggF’ GVBF)
O ypr ™ Oypr (KV’ KF)

: T T | T T 171 | T T 17T | T T T T | T T T 1 | T T T T | T T T T | LI
40" —— Combined 68% CL ATLAS Preliminary B
35 EERECEELE Combined 95% CL Vs =13 TeV, 36.1 fb"! =

E H—yy 68% CL H—yyand H—ZZ*—4] -
30:— TETEY H—ZZ*—4l 68% CL m,, = 125.09 GeV, [yH|<2_5 =

- 4 Bestfit .
25— IR, -

= [ SM prediction m
20 ] =
oE e, + E
10 % ~~~~ -

- f_ o.,,,,,,,,,,:,‘,....-.'..'.n,._",,_,‘_.._.._. """'_'_'_'_-.»t.: ..... _f
- SM ]
_ 11 | Il 1 1 1 | L1 1 1 | Il 1 1 1 | 11 | | | | | | | | L1 1

10 20 30 40 50 60 70 80

M--|—

2.5

1.5

0.5

O, SeNsitive to Higgs coupling modifiers K, K..

> L(GggF(KV’KF)’OVBF(KV’KF)) =L '(KV,KF)

'

| T T | T T T T | T T T T | T T T T | T T T T | T T T T | T T T T | T T
% SM prediction ATLAS Preliminary  _
-+ Bestfit Vs =13 TeV, 36.1 fb™ |
— Combined 68% CL Hosyy and H—ZZ* >4 ]
IEEEEEELE Combined 95% CL 195,09 GeV i
e H—yy 68% CL My = 16909798 7
TP H—ZZ* 4] 68% CL _oe=""~ . —
i + i
R | Ll | | |0

0.7 0.8 0.9 1 1.1 1.2 1.3

o R=A[
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Reparameterization: Limits

CMS Run 2 Monophoton Search: measured
N, in a counfing experiment reparameterized

according to various DM models

—10%
NE —34
§10
§ 10—36
D L ~-37
S 10_38
c10
s 10
Q10
»107%
o) 10—42
1077
10°*
107
107%°
107
107
107
107

12.9fb" (13 TeV

T T T T T 17T T T T III| T T T 1771
CMS CRESST-II
— CDMSLite 2015
—— PandaX-ll

— LUX 2016

Vector, Dirac, 9,= 0259 =1
—— Observed 90% CL
----- Median expected 90% CL

10 10°
Mpy [GeV]

12.9fb' (13 TeV

3 )
E 1 0 E | T T T | T | E
= [ CMS ]
c -, ]
2 .
g |
D07 E
w - -
7] C ]
e ]
O |
10F ... n=3, Theory LO — Observed E
E ----- Median expected - 68% expected E
95% expected i
| ! | ! | ! | ! |
1 1000 1500 2000 2500 3000
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12.9fb' (13 TeV)
- CMS E _g-
; Vector, Dirac, g,= 0.25, g 1 ; = 102 O
— —— Observed .= 1 — |- qa)
- .... Theoretical uncertainty ] o0
- —— Median expected Mg =1 - 8
- .-.. 68% expected o A
C : P "-.ll = _E 1 0
- -
C | 4 4
E % i E
B L =
- 1 L1l | I I%I 111111 Ii 10_1
200 400 600 800 1000
M med [GeV] 54



Presentation of Results

— Cannot test every model : need to make enough information public so that
others (theorists) are able to do it independently

= Gaussian case: sufficient to provide measurements + covariance matrix
— For example using the HEPData repository.

- Ys=13 TeV, 36.1 fb™'
ATLAS Preliminary = 1 22500 Gev
’ H

ggH (0 jet)

ggH (1 jet, p:‘ <60 GeV)

ggH (1 jet, 60 = p!f < 120 GeV)
ggH (1 jet, 120 = p:' <200 GeV)
ggH (= 2 jet)

qq — Haq (p), < 200 GeV)

ggH + qq — Haq (BSM-like)
VH (leptonic)

top

SM prediction

—.

[N AT A |

—o.é' 0
Measured o x BR normalized to SM

0.5 1 15 2 25

ggH (0 jet)

ggH (1 jet, pl! < 80 GeV) .

ggH (1 jet, 60 = p: <120 GeV)

ggH (1 Jet, 120 = p}l <200 GeV)

ggH (= 2 jet)

gq = Hgg (p‘T <200 GeV)

ggH + qq - Haq (BSM-like)

ggH - gq - Hqg (BSM-like)

VH (leptanic)

top

Non-Gaussian case: no simple method

0.16
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Conclusion

Significant evolution in the statistical methods used in HEP
Variety of methods, adapted to various situations and target results

Allow fo

— model the stafistical process with high precision in difficult situations
(large systematics, small signals)

— make optimal use of available information

Implemented in standard RooFit/RooStat toolkits within the ROOT
framework, as well as other tools (BAT)

Still many open questions and areas that could use improvement
— €.g. how to present results with all available information
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Homework solutions for Lecture 2
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Homework 1: Gaussian Counting

Count number of events n in data B
— assume n large enough so process is Gaussian | \I(S+B)
— assume B is known, measure S :

1 n—(S+B)2
L(S;n)=ce Al 3
Likelihood : ( )2 ST A A
n—\S+B S+B
AMS;n)=
( n) VS+B
MLE forS:S=n-B
Test statistic: assume S > 0,
L(S=0) ~v_|n—BP _| S|
= —2lo — =h(S=0) — 1(S) = = | =
Finally: - g Known formula!
/] = \/qo = — — Strictly speaking only

\/B valid in Gaussian regime 60



Homework 2: Poisson Counting

Same problem but now not assuming Gaussian behavior:

L(S;n)=e "7 (s+B)"

A(S;n)=2(S+B)—2nlog(S+B)

MLE: S = n - B, same as Gaussian

Test statistic (for S > 0):

g0 = M(S=0) — A(8) = —25-2(5+B) log

B
S+B

Assuming asympftofic distrioution for g,

(S+B) log

1+§ - S
B

See G. Cowan’s slides for case with B uncertainty 61



Homework 3: Gaussian CL_

Usual Gaussian counting example with known B:

2 - €
r(s) = "EEE) /)
Reminder: g :
Best fit signal : $=n - B o X
Significance: Z = S/\B S+B

Compute the 95% CL upper limit on S:

0= ~2log St = ()~ 1(3) =

so (s =2.70 for §,= S ++/2.70 o,

Andfinaly Su = S + 1.640 at 95% CL
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Homework 4 : Gaussian CL_

Usual Gaussian counting example with known B:

A(S) = "_((;S:B) |

Reminder -

Best fit signal : S=n - B

CL,, limit: i
S,, = S+ 1.640; at 95% CL

CL, upper limit : sfill have q, = 2 =

1-®(y/q.
P = Ds, — _(‘/QSO) — o
© 1= pg 1_(1)(‘/‘150 — 50/0‘5)
forS =0, — —>
S, = S+ q>‘1(1 — 0.05 @(S/os)) o at 95% CL

S+B

S~ G(S, oy so

UnderH,S=3S) :
Vg, ~ G(0,1)
ps,=1-®(vqy)

UnderH (S =0):

Vas, ~ G(S,/04,1)

Pg = (I)(\/q—so_solcs)
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file:///home/nberger/Data/Applications/analysisDoc/PDF/1706.04786.pdf

Homework 5: Poisson CL,

Same exercise, for the Poisson case
Exact computqtion sum probabilities of cases “at least as extreme as data” (n)

+5) (S, +B ps (n
Z e (5P ) and one should solve p., = S”"( ) =5% for §_
s Po(n) i
0
Forn=0: pg = ps“"( ) =e "=5% = S, =1log(20)=2.996 ~ 3
s Po(o)

= Rule of thumb: when n_, =0, the 95% CL_limit is 3 events (for any B)

S,+B
n

Asymptotics: as before, qs = A(S,) — 7»(3) =2(S,+ B— n)—2n log

Forn=0, qs(n=0)=2(S,+B)

1-O =0
Pcr, = Ps = (Jqso(n )) =5%

Po l_q)(Jqso(n:O)_JQSo(n:

=S, ~ 2, exact value depends on B

= Asymptotics not valid in this case (n=0) — need to use exact results, or toys
64




Homework 6: Gaussian Intervals

Consider a parameter m (e.g. Higgs boson mass)
whose measurement is Gaussian with known
width o_, and we measure m___:

2
m_mobs
}\' (m ;mobs) = Gm
— Best-fit value (MLE): m=m__..
2
m_mobs
— Test statistic: w=|"G
- lolnferval m = m + O

obs m

A~ O OO N 00 O

w

m

~

CMS H~» yy 19.7fb" (8 TeV) + 5.1 fb' (7 TeV

M, = 124.70 +0.34 GeV

Floating Wygg vy @nd W ggH tim

Y — Total uncertainty
A3
‘. --- Statistical only

\ 124.70 +0.31 (stat) +0.15 (syst) GeV

(V0 (£L102) Ll d3IHr

| | ‘ 1 1 1 | L 1 ‘ | |
124 124.5 125

| 1|25.5‘
m, (GeV)
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Homework solutions for Lecture 3
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https://arxiv.org/abs/1409.1903

Homework 7: Gaussian Profiling

Counting experiment with background uncertainty: n= S + 0 ;

— Signalregion:n~G@E + 6, 0, )

— Control region: 8°°s ~ G(0, O_ )

syst

} L(S,8)=G(n;S+6,0,,) G(6°°;0,0,,)

n—(s+0)> [e™—sl For S = §, matches
Then:  A(s,8) =|——_, G ) MLE as it should
A oo
MLEs: S=n—0" Conditional MLE: 6(S)=0"+ zc’syst __(5-s)
é — eobs 0'stat+0'syst

A X ave

PLR tS=—210gL(S’Ae(AS)) =7 (5,6(S)) —r(8,0) = (25 5)2
L(S’e) Ostat + Gsyst

2 2

. A 2
lointerval § = S + \/Gstatz + O'Syst Og = \/Gstat + Gsyst

Stat uncertainty (on n) and systematic (on 0) add in quadrature
67



Homework 8: CL. computation

Gaussian counting with systematic on background:n=S+B + o 8

L(n;S,B) = G(n;S+B+osyst9,ostat) G(Gobs=0;9,1)
R N\
MLE: S=n—B
2
N A c,, > PLR: A(u)=[22E="
Conditional MLE: 6(p) = —>~—(n — S—B) «/crsmt+crsyst
stat syst

This boils down to the Gaussian case of HW 6, so the CL_limit is

CL_: SCLS = n—B+ (I)_l 1—-0.05® n-B \/Gitat-l-oi)’St

S up J 2 2
Osat ¥ O syst
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Homework 8: Bayesian computation

Gaussian counting with systematic on background:n=S+B + o 8
P(n|S,8)=G(n;S+B+0, 0,0, ) G(0]0,1)

syst

Bayesian: G(0) is actually a prior on 8 = perform integral (marginalization)

P(n|S)=G(S; n-B, ‘/Giaﬁﬁiyst) same effect as profiling!
Need P(S|n) = a prior for S - take fiat PDF over$>0 o
= Truncate Gaussian at $=0: P(S|n)= P(n|S) P(S) o3
, 4 0.250
P(S|n) = G(S;n—B, ol +ol,)| @] || &
‘/Gstat"' Gsyst 0'2)51:
Bayesian Limit: 0.05|
v s. —(n—B _g I s
[ p(s|n)ds=5%=|1-o upz(n 2) ,21 B2 43210 12 3 4
Sup Jostat-l-csyst Jostat-l-csyst
Bayes ~1 n—B J 2 2
S =n—B+|® [1-0.050 Jo? 107 Osat Oy same result as CL |
0'stat+0'syst 59



http://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-16-039/

Extra Slides
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lllustrative Example

Test on a simple example: generate toys with

— flat background (100 events/bin)

— count events in a fixed-size sliding window, look for excesses

Two configurations:

1. Look only in 10 slices of the full spectrum

2. Look in any window of same size as above, anywhere in the spectrum

PSSRV I I S N S — — — Predefined
ARRERARIRERERERER RN Slices

130 ;_Example to 1 T

11081 | ‘J.“d] ‘| Wi‘ ’l Il ;

100k # . iln‘llll'il.nll L) '-': ‘_

T I

32_} %%Lqrgest excess in predefined slices
605— B Lqrigesir excess anywhere

50 Illil\\Iil\\I;IIllillllillllillllilllIE\IIIE\III
o 01 02 03 04 05 06 07 08 09 1 71




lllustrative Example (2)

Very different results if the excess is near a boundary :

150
140
130
120
110
100f
90
80
70
60

50IlllilIIIEIIIIilIIIiIIIIiIIIIiIIIIiIIIIEIIIIEIIII
o 01 02 03 04 05 06 07 08 09 1

—e—
—_——

——
"":""!""fl"""""".""""""""
———&————

; ® |
=

|IJII|ILI|II|I|I||III|
-—y—

|I\I|IIII|I|I,I_|_IJ_U_i_Z_H

1. Look only in 10 slices of the full spectrum

2. Look in any window of same size as above, anywhere in the spectrum
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https://hepdata.net/

lllustrative Example (3)

: - - 80 ;
0.007] 59U -
g ZNorrr(;clle:zEdT. S © Search A,
0.006}- istribution -
: local 3 70 everywhere:
0.005| = T
0'004: Zlocal -
0.003- 50:_
0.002 405
- P ( ) - &
0.001F global ™ “local B é N
: | 30F . . .
I T . S R —— - Search in predefined
N B L o H . —
6 l S bins: N, =10
i o s ~.
4; %"tf’fi; ;OI'III|IIII|IIII|IIII|IIII|IIII
: \‘5' T2 3 s s e
3; éo o’ //"/ Local Z
SR // / Search everywhere Searching everywhere gives the
- e ’/
L+"/ / searchin predefined bins extra Z, ., dependence
> levA A v by v b e By

0 1 2 3 4 5 6

Local Z
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L... Asymptotics Extrapolation

. . ) _ J‘C
Asymptotic trials factor (1 POI): N =1+ /5 N. dep Z, ..
? Usually work with a slightly different formula:

1 Ztzest_Z Izocal
trials — 1+ p <NuE(Ztest
local .
Number of excesses with Z » Ztest

Je
apply result to higher Z

How fto get N.

indep

N

= calibrate for small Z

test? local®

Can choose arbitrarily small Z

test

= ANy excesses
= can measure N in data (1 “foy”)

p-value

Can also measure <N > in multiple toys "¢

If large stat uncertainty from 10
too few excesses s 5= 1976V 3210
10 = _
E 46 Spin-0 Selection

—5 1 1 1 | 1 1 1 I 11 1 | 1 1 1 | 1 11 I 1 1 1 | 1 1 1 I 11 1 | 1 1 1 | 11 1 | 1 1 1
10 200 400 600 800 1000 1200 1400 1600 1800 2000
m, [GeV] 74



In 2D O. Vitells and E. Gross, Astropart. Phys. 35 (2011) 230

Generalization to 2D scans: consider
sections at a fixed Z_ .. compute its

Euler characteristic ¢, and use
Pglobal ~ E[¢(Aw)] = Procal + e_u/z(Nl + \/ENZ)

ATLAS
— Generalizes 1D 03
bump counting =
~0.25[

0.2]-

0.15
m, [GeV] 0.1

Now need to determine
2 constants N, and N, 0.05

from Euler ¢ measurements
at 2 different Z__ values.

&

p=1

\s =13 TeV, 3.2 b

e el e e Ty ey Ly e L TR -

$=0

i
i
e—

600 800 1000 1200 1400 1600 1800 2000

m.. [GeV]

6 |

9

4

Spin-2 Selection

Local significance [o]
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