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Highlights : Discovery

Given a statistical model P(data; y), define likelihood L(4) = P(data; u)

To estimate a parameter, use the value j that maximizes L(u) — best-fit value
L(H,)

To decide between hypotheses H, and H., use the likelihood ratio T (H )
1

To test for discovery, use g, = —2log
For large enough datasets (n >~ 5), Z = 4 (q,

For a Gaussian measurement, Z =

For a Poisson measurement,




Highlights: Confidence intervals

Contain the true value with given probability

To obtain, compute the log-likelihood ratio  t, = —2log L(3)
as a function of .

Interval endpoints = i for which  t,- =1 yoty Py
(s=13Tev,36.1 10" ... H—yy
6 H—yy and H—>ZZ* -4/

m, =125.09 GeV
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Works also to obtain contours in 2D:
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/
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Hypothesis tests for Limits

If no signal in dataq, testing for discovery not very relevant (report 0.20 excess ?)
— More interesting to exclude large signails

= Upper limits on signal yield

— Typically report 95% CL upper limit (o-value = 5%) : "S < 5, @ 95% CL”

> -

& 300 ‘:}+

S 2500t ?

g 200Jr +H++H++ bt .+

G 150§ i ++H+ ++++ Jr++

g b gt

S 100F tY ++++¥+++H++ﬂ+
Z : j
2

501

00710 120 130 140 150 160
m (GeV)



Hypothesis tests for Limits

If no signal in dataq, testing for discovery not very relevant (report 0.20 excess ?)
— More interesting to exclude large signails

= Upper limits on signal yield

— Typically report 95% CL upper limit (o-value = 5%) : "S < 5, @ 95% CL”

3004
250F
200
1501
100
501

Allowed

Normalized events per GeV

P00 110 120 130 140 150 160
m (GeV)



Hypothesis tests for Limits

If no signal in dataq, testing for discovery not very relevant (report 0.20 excess ?)
— More interesting to exclude large signails

= Upper limits on signal yield

— Typically report 95% CL upper limit (o-value = 5%) : "S < 5, @ 95% CL”
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Hypothesis tests for Limits

If no signal in dataq, testing for discovery not very relevant (report 0.20 excess ?)
— More interesting to exclude large signails

= Upper limits on signal yield

— Typically report 95% CL upper limit (o-value = 5%) : "S < 5, @ 95% CL”
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Hypothesis tests for Limits

If no signal in dataq, testing for discovery not very relevant (report 0.20 excess ?)
— More interesting to exclude large signails

= Upper limits on signal yield

— Typically report 95% CL upper limit (o-value = 5%) : "S < 5, @ 95% CL”
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Test Statistic for Limit-Setting

. 5=0
Discovery : H, m H,
« H:5=0 Compare
. : L(S=0 <¢— Likelihood of H
H].S>0 qo——210g ( _ ) 0 (S>0)

L(S) - Likelihood of H,

Limit-setting

« H,:S=3,
. H :S<S, Compare
o1 L(S=S,) <« Likelihood of H,
=—21l0 — .
1s, 8 L(S) -~ likelihoodofH, <5

Same as g, : 0ot

— |large values = good rejection of H,. o

Asymptotic case: p-value pg =1 — CI)(\/ qso) 02—;}

ng ¥4




Inversion : Getting the limit for a given CL

Procedure: Asymptotics
Vs, = (I)_l(l_po)

— Compute g, for some 5, get

CL Region

the exclusion p-value p,,.
90% Vo, > 1.28

— Adjust S, until 95% CL exclusion (p,, = 5%) is reached 959 Ja. > 1.64
> 1

Asymptotic case: need q,, = 1.64
99% Ja, > 2.33
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Inversion : Getting the limit for a given CL

Procedure:

— Compute g, for some 5, get
the exclusion p-value p,,.

— Adjust S, until 95% CL exclusion (p,, = 5%) is reached

Asymptotic case: need q,, = 1.64
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Va5, =@'(1-py
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Inversion : Getting the limit for a given CL

Procedure: Asymptotics
Vs, = (I)_l(l_po)

— Compute g, for some 5, get

CL Region

the exclusion p-value p,,.
90% Vo, > 1.28

— Adjust S, until 95% CL exclusion (p,, = 5%) is reached 959 Ja. > 1.64
> 1

Asymptotic case: need q,, = 1.64
99% Ja, > 2.33
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Homework 4: Gaussian Example

Usual Gaussian counting example with known B:

2

1

L(S;n)=e o, ~ B for small S

Reminder: Significance: Z = 5/0,

— Compute g,

S+B

— Compute the 95% CL upper limit on S, S, by solving g, = 1.64.

Solution: S, = S + 1.640 at 95% CL




Upperleldethk)gles 1oof—"+"""' HJFIII_:

1 | 1 1 1 1 I 1 1 1 |:
140 150 160

Upper limit: S ~S + 1.64 o,

—
o
o
—_
.
o
—
N
o
_F
W -
o

m,, [GeV]
= 6_|""\""I""I""\""\""I“"I"“I_
' i Q \bm B Observed CL, limit ~ SM H—s ]
Problem: for negative S, get very good L coocotciim oo e 7TV Lt 4515 ]
observed limit, 2 - % e Data 2012, Vs= 8 TeV, [Ldt = 5.9 fb"
N o . E o o -
— For S sufficiently negative, evenS < 0! 5} ATHAS Preliminay :
2 %
How can this be ? t
— Background modeling issue ?... Or: 1%1 ) :
— T-hiS is a 95% limit = 5% of the time, the Q55" '11W55 R R TR T TRy Ty TN
limit wrongly excludes the true value, _ m, [GeV]
e.g. S*=0. -

Options
— live with it: sometimes report limit < 0

— Special procedure to avoid these cases,
since if we assume S must be >0, we know
a priori this is just a fluctuation.
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CLS A. Read, J.Phys. G28 (2002) 2693-2704

/The usual p-value under
Ps,  HES=S)) (=5%)

(1 — pB)

\ The p-value computed
= Rescale exclusion at 5, by exclusion at 5=0. under H(S=0)

Usual solution in HEP : CLS.

- Compute modified p-value ~ Per, =

— Somewhat ad-hoc, but good properties...

o FTTTTTTr Ty rrTrryrrT Ty T T TT T T T T T T T TTT I TT T T T T TTTTITITITT
=
=

6_
| —— 95% limit, CL .

S compatible with 0 : p, ~ O(1) - —kimct,,
P~ Py, ~ 5%, NO change.

Far-negative $: 1-p, « 1
Peis™ Pso/ (1-Pg) >> 5%

— lower exclusion = higher limit, 2
usually >0 as desired

Drawback: overcoverage
— limit is claimed fo be 95% CL, but actually >95% CL for small 1-p..

11


http://inspirehep.net/record/599622?ln=en

Homework 5: CL_: Gaussian Case

Usual Gaussian counting example with known B:

2 r

n—(S+B)
Os

1

2

L(S;n)=e

o, ~ B for small S

Reminder -

CL__limit: S,,= S+ 1640 at 95% CL

CL, upper limit :
— Compute p,, (same as for CLs+b)
— Compute 1-p, (hard!)

Solution: Swp = S+ O at 95% CL

q>‘1(1 ~ 0.05 ®(5/a) )

for§~0, S,, = S+ 1.96 o at 95% CL



Homework 6: CL, Rule of Thumb for n__ =0

Same exercise, for the Poisson case with n__ = 0. Perform an exact
computation of the 95% CLs upper limit based on the definition of the p-value:

p-value : sum probabilities of cases af least as extreme as the dafa
Hint: for n__ =0, there are no "more extreme” cases (cannof have n<0!), so
P, = Poisson(n=0| S,4+-B) and 1 - p, = Poisson(n=0 | B)

S (Mg, =0) = log(20) = 2.996 ~ 3

Solution:

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

13
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Reparameterization

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

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

e.g. Higgs couplings: o__., O, .- sensifive fo Higgs coupling modifiers K, ,, K..

ggF’
OggF_) O~ggF (KV ’ KF)
L(o,;,0.) > L(o,r(ky,%:),0ume(Ky,%:)) = L'(xy,%;)
ggF ? >~ VBF ggF Vs ™F)s» YVBF VyhF - VyZF
GVBF_)OVBF(KV’KF) ‘
3‘ : T T | T T T T | LI T | T LI | T T T 1 | T T T T I T T T T | T 1T T g‘-l— 2_5_| T | T T | T T T T | T T T | T T T | T 71 T | T T 71 | T T T | T |_
2 40" —— Combined 68% CL ATLAS Preliminary B " % SM prediction ATLAS Preliminary
5 rC , o _ -1 . L , -
bg 35 L Combined 95% CL VE =13 TeV, 36.1 fb _: | o Best fit v— =13 TeV, 36.1 fb_1 |
Lo H—yy 68% CL H—yy and H—ZZ*—4l . o Combined 68% CL Hoyyand Ho2Z* -4l ]
30— »:-+ HZZ*—41 68% CL m,, = 125.09 GeV, |y [<2.5 | e Combined 95% CL |
- : H . m,, = 125.09 GeV
s ¥ Bestfit L ] e H—>yy 68% CL :
= [l sM prediction ST : 1.5 = H—ZZ* 4] 68% CL _.oe=em. . ]
20 ; — - ’ % |
15 e o E 1= _
5 :_ '4,"““'"".‘:7-.-.'.5n-w.“.“."_" _...--I‘-'": ----- ‘ _f __ __
- SM ] 0.5 - .
C L1 | L1 | | | | I | 1 | | | I | | | L1 1 | | | L1 I L1 L1 | | I | 1 1 | 1 | I | |- 11 | 11 1 1 | 1 11 1 | 11 1 1 | 1 11 1 | 1 1 L1 |
10 20 30 40 50 60 70 80 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4

=
O]



Reparameterization: Limits

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

according fo various DM models

12.9 o (13 TeV

CMS

CF{ESST-II
— CDMSLite 2015
—— PandaX-ll
— LUX 2016

Vector, Dirac, g9,= 0259 =
Observed 90% CL
----- Median expected 90% CL

10 10°
Mpy [GeV]

12.9 " (13 TeV)

re) 10° - | | | | e
= [ CMS ]
C - "":,_ -
-9 L o,,""l%l _
_.g L u/',’,”””“' -
(9] B .
7] C ]
O C s, B
L L -
§ =TT
10 £ e n=3, Theory LO —— Observed E
E .-+ Median expected - 68% expected E
: 95% expected :
| I | I | I | I |
! 1000 1500 2000 2500 3000
M, [GeV]
12.9fb' (13 TeV)
RS AR R R R mr e w0
- CMS E =
; Vector, Dirac, g = 0.25,g = ; = 1020)
T — Obsewed B, = 1 — . qa)
2 - Theoretical un-:ertalm)ur - )
:_ —— Median expected p__ = 1 e - 8
b . 68% ted Py .
:_ expecte o i = = 10
I s
= . L
C i i E
= L
- 11 11 | ’ I;T 10_1
200 400 600 800 1 000
M. . [GeV] 16


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

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
H— vy, mH=1 25.09 GeV

ATLAS Preliminary

ggH (0 jet) — —_—

ggH (1 jet, p!' <60 GeV) —
ggH (1 jet, 60 = p!! < 120 GeV) |-

ggH (1 jet, 120 < p;'< 200 GeV) | —

ggH (= 2 jet) —

qq — Hqg (p:_< 200 GeV) —
ggH + qq — Hqq (BSM-like) —
VH (leptonic) —
top |— :
‘\II\‘I\\\‘I\Ili\l\\‘\l\l‘\\l\l\\
SM prediction -05 0 05 1 i5 2 25

Measured ¢ x BR normalized to SM

- ATLAS Prelimi
ggH (1 jet, pl} < 80 GeV)
-1
Ys=13 TeV, 36.1 b
9gH (1 fet, 60 < Gev) | 0.16 H—yy, m =125.09 GeV
ggH (1 jet, 120 = p! GeV) | 013 -0.22
ggH (=2 jet) | -0.14 0.17
g - Hag () <200 GeV) | -0.07  0.00
ggH +qg - Hgq (BSM-like) | 0.06  -0.08
(BSM-lke) | 0.08 -0.07
{leptonic) | -0.02  -0.01
top | 0.00 -0.05 -0.01 A .| -0.00 0.00 0.04
i 5 3 3 2 3 ¥ 2 1
e ¢ & ¢ o4 & 3 3 %
A o
: 8 8§ g £ & 3 3z ¢
v v B = = I
a = Sy = g g =
= A = = I T
z 0 " T .
= 8 8 - = =
5 B g ! b i
> - = I I
= = =] 2
@ T =
= 2

Non-Gaussian case: not so simple, but can publish full likelihood (e.g. here)
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https://hepdata.net/
https://www.hepdata.net/record/ins1748602?version=1
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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)

bt
o
S
[41]

0.02t
0.015L

0ot Unbinned

Normalized events per GeV

0.005F

oo 10 H20 130 1

40

50 160
m (GeV)

—)

Generate

—

Normalized events per GeV

2,5,3,7,4,9, ...

Each entry = separate “experiment”

3000—
25000

2000F
1500
10001

500;

0

0 110 120 130 140 150 160
m (GeV)



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

* Repeat and histogram the results —— Observed CL, limit  ATLAS

; 102 ;— - - - - Expected CL_ limit Vs =13 TeV, 36.7 fb’
* Cenftral value = median, bands - Expected + 15 Spin-0 Selection
based on quantiles 5 Expected + 2o NWA (I = 4 MeV)
10

68% of toys 95% of toys

per Limit on o, x B [fb]

350

—_
<
I\IIHIl T \IIIIII‘

1 1 | | 1 1 | | 1 | | 1 | | 1 1 | 1 | | 1 | | 1
500 1000 1500 2000 2500
m, [GeV]

Number of Toys

0
>

-1 0 3

Fur.Phys.J.C71:1554,2011 Computed limit
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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 for searches, but other choices possible.

Two main ways to compute: Strictly speaking, Asimov dataset if
X = X, for all parameters X,
_ / where X, is the generafion value
- Asimov Datasets

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

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

 Get bands from asymptotic formulas:
Band width

Events / (0.5 GeV )

Sy
qs, (Asimov)

2
Os,,a=

0’

_II\I|III\|III
‘POO 110 120

® Much faster (1 “toy”) m, (GeV)
e Relies on Gaussian approximation

[ [ 11
130

| |
140

| 1 | II_
150 160
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TOYS: Edeple 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 D e ——— —] o B ' ]
G 10 gtﬁ??ev 36.11fb" - E - ATLAS Observed |
o 7 3 S Expected —
& 10° M 1 x 10°5 {s=13TeV, 36.1 b 3
~ . = + -
T e
2 1 ° - J, =0, NWA ~ : ' .
> 4 = X ’ —— Observed from
w 10 5 c o ]
1 35 10 = ensemble tests 3
1 R S | 0 RS Expected from
10-' L - Data o) - ensemble tests
— Background fit R 10 e —
_D | = -
10 s = Vi :
g 4 = | = N L -
T -2 -.-1—.-*“-11-..1.-.'.-»-!1-'-—'—‘ 1 =
fe -4 = ) ) ) ) R : — - ] ] ] ] ] 1 | | -
@ 3x10? 10° 2x10° 2 3 3 3
3x10 10 2x10° 3x10
m,, [GeV]
my [GeV]

Asimov 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/

Upper Limit Examples

ATLAS 2015-2016 4l aTGC Search

E T renedouit Arias S s
2l ---- Expecte imit Vs=13TeV,36.7fb" _| [ Vs=13TeV, 36.1fb'  —— Observed 95% ]
Z}—z " Exgectej Shﬁ,l t Spin-0 Selection v 20 ) % f:;
c B Expected * 2¢ NWA (' = 4 MeV) ] \% B B
= 10 = ©10p
5 - Phys. Lett. B 775 (2017) 105 ] -
g L i 0
D F ] B
El) _ i 10—
B 0 < :
5 |....|....|....|....|.E 20 s L L L L I R B
500 1000 1500 2000 2500 -5 10 -5 0 5 010 | A41[+5€V4]
CcMS T [Gﬁ\i]zz 19.7fb'(8TeV)+5.1fb\r‘f‘gTeV) -
T E T i e e e e e
=3 1 _____ '  k
7N 50 ] %7777 7
€ W07 EaTiBol kTR 67 7|
N H R A0 B H 'Y B P BB B BBl PR BB
e TH H T LY T L‘H o1 H E
o= ELIETE——ETEOEUE TR T i eme Je LR
ebeitlo | GF R R AT AP R ORE oF of (FIEF A R OE BB B oF oF o 8 A R N R WO oF & o 0
i e producion : s production docaynlydmminats 3

N
w


http://inspirehep.net/record/1625109
http://www.sciencedirect.com/science/article/pii/S0370269317308511?via=ihub
http://dx.doi.org/10.1103/PhysRevD.92.012004

Takeaways

L(p=p,)

Confidence intervals: use  t, =—2log

L(iA)
— Crossings with T , = /2 for +/0 intervals (in 1D)

Gaussian regime: U = {0 + o, (1o interval)

Limits : use LR-based test statistic:

— Use CL, procedure to avoid negative limits

Poisson regime, n=0:§ =3 events

95% CL Upper Limit on ¢ x B [fb]

L(S

-2In(A)

o4 N w A o o N o
\

—
ATLAS Preliminary
(s =13TeV, 36.1 fb!

H—yy and H—>ZZ*—4]
m,, = 125.09 GeV

—
Combination

H—-ZZ*—41

S,)

qs = —2log

—
o
w

—_
o
)

—_

—
o
T

A

L(S)

S, > S

- ATLAS

= Vs=13TeV, 36.1 fo!
F gg—>X—>2Zy
- Jy =0, NWA

~ -

Observed
Expected -
+1 std. dev. 3
+ 2 std. dev. ]
Observed from
ensemble tests 3
Expected from 7
ensemble tests

2x10° 3x10°
my [GeV]
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Nuisances and Systematics

Likelihood typically includes

« Parameters of interest (POls) : S, oxB, m, ...

* Nuisance parameters (NPs) : other parameters
needed fo define the model
— |deally, constrained by data like the POI

What about systematics ?

= what we don’t know about the random processs
= Parameterize using additional NPs

= Add constraints in the likelihood

L(pn,0;data) = L u,0;data) C(9)

measurement (

A A L
Systematics Measurement NP (%onstrount
NP Likelihood erm

POI

C(0) represents extra knowledge about the NP

Entries / GeV

Data - fit
c (data)

Phys. Rev. Lett. 119 (2017) 051802

L JEERRRERERA REREN LALRIRE RS EERRN ELALE LAY B il EER ]

30/ VBF tight /s =13 TeV, 36.1 fo" ]
C x%ndof = 30.7/48 .
25— —
C —e— Data ]
Background model

a0 = Signal x 20

15

L

_4E -
110 115 120 125 130 135 140 145 150 155 160
My, [GeV]

'Systematic uncertainty is, in any
statistical inference procedure,
the uncertainty due to the
incomplete knowledge of the
probability distribution of the
observables.

G. Punzi, What is systematics ?
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http://inspirehep.net/record/1599399
https://www-cdf.fnal.gov/physics/statistics/notes/punzi-systdef.ps

Frequentist Systematics

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

— Build the combined likelihood of the main+auxiliary measurements

Independent
measurements:

L(n,6;data) = L (0;aux. data)  =Justaproduct

main aux

(u,@;main data) L

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

> M gyst

In the combined likelihood, systematic NPs are constrained
— Now same as €.g. NPs consfrained in sidelbbands.

— Offten 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”)

27



Likelihood, the full version (binned case)

(4 (6} E")}i‘:;::;:azz;’{ﬂ?bs}fﬂV
I[P’n.-;uei,k(é) NS,ik I HG 0$56/1\
=1

T\ *\ !

Expected
bin yield

POI '
Bin Yields or NPs | [ Systematics
Observable Sig/Bkg Shapes,
values efficiencies
/ \ / \ Auxiliary
Pseudo- Data MC Data

experiments \

x number of categories! ¢



Reminder: Wilks’ Theorem

L(S=S,)
Consider tg=—2log =
° L(S)

— Assume Gaussian regime (e.g. large n

Central-limit theorem) : then:

Wilk’s Theorem: t is distributed as a x?

under H, (5=3,):

f(tSo | S=SO) = fxz(ndof=1)(t50)
= The significance is:

Z =4q,

evts’

0.5

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

0.45
0.4
0.35
0.3
0.25
0.2
0.15
0.1
0.05

AR R R R R R R RN RO R RS RS N AR IR IR

S<0
2(n

dof )
,Abserved
value g

p-value
‘ large S
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https://arxiv.org/abs/1007.1727

Profiling

How to deadl with nuisance parameters in likelihood ratios ?

— Let the data choose = use the best-fit values (Profiling)

= Profile Likelihood Ratio (PLR) A
. .—0(8,) best-fit value for S=S5,
I ( S=§ 6(5 ) (conditional MLE)
t, =—2log il

L(S,0)

= 8 overall best-fit value
(unconditional MLE)

Wilks’ Theorem: same properties as plain likelihood ratio

f(tso | S= SO) = fxz(ndof=1)( tso) also with NPs present
— Profiling “builds in” the effect of the NPs

= Can use t, to compute limits, significance, etc. in the same way as before
30



Homework 7: Gaussian Profiling

Counting experiment with background uncertainty: n= S + B ;
— Signal region (SR): n__ ~G(S + B, 0

_ sa) L(S,B) = G(ng,;S + B,0,) G(B,,; B, 0y
— Control region (CR): B__ ~ G(B, O

bkg)

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

stat

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

A 2

B(S)= B, +——%_(§_s)
(0} +Gbkg

stat

— Compute the profile likelihood t
— Compute the 1o confidence interval on S

—_ 2 2 — 2 2
S = (nobs_Bobs) + Jostat + 0-bkg Os = JGStat + Gbkg

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

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

2In A\

ATLAS

H — yy, m,=125.09 GeV

\

— Total — Theory

— Stat

10 intervals

Subtraction in quadrature

_ 2
Gsyst,tot E Jototal — O

2
stat

1

0.7 0.8 ' 0.9

1 111 12 £ 13

y 1.4

u = 0.99 + 0.12 (stat) + 0.06 (syst) + 0.06 ( theo)
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Pull/Impact plots

Systematics are described by NPs
included in the fit. Define pull as

(0-06,)/ o,

Nominally:

 pull =0:ie.the pre-fit expectation
 pull uncertainty = 1 : from the Gaussian

However fit results may be different:

« Central value # 0: some data feature

differs froon MC expectation
= Need investigation if large

- Uncertainty < 1 : effect is constrained
by the data = Needs checking if this

legitimate or a modeling issue

— Impact on result of + 10 shift of NP

dllows to gauge which NPs matter most .

ATLAS-CONF-2016-0568

Pre-fit impact on p:

Au
0,=+A0 | 8=A0 54 02 0 02 04
Post-fit impact on p: L L B I A e L
6,=+AB 0,=-AB | ATLAS Preliminary

—e— Nuis. Param. Pull s =13 TeV, 13.? fo

Jet-vertex association ' _ 4
200Thad/3¢ non-prompt sample variation L
ttH acceptance (QCD scale) Q
200Tha9/3€ non-prompt e transfer factor j @ .
Pileup modeling &
281ThHag non-prompt normalization 9

ttH cross section (QCD scale) *

ttW acceptance (QCD scale) ‘ : @

Jet Energy Scale variation 1

HW acceptance (NLO vs LO) : : &
280Thgg/3¢ non-prompt p transfer factor ‘ .:
#W cross section (QCD scale) : &
Luminosity ‘ +
2£0THag €M non-prompt CR stat. : @
Jet Energy Scale (flavor composition) E &

1111 I L1 11 i L1l I 1111 i 1111 | L1 11 :I || I 1111
-2 -15 -1 -05 0 05 1 15 2
(6-6,)/A0
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-058/

13 TeV single-t XS (arXiv:1612.07231)

Ap

Pull/Impact plots

-06 -04 -02 0 02 04 06
Systematics are described by NPs "|"'|"'|"'|~'|m|w|~‘

included in the fit. Define pull as
Parton Shower generator W

(6_ 60) / O@ JES: flavour composition %

Nominally: JES: Efft // 5

* pull =0:ie. the pre-fit expectation £ VS //

« pull uncertainty = 1 : from the Gaussian — /
i / E

Wt ME generator

However fit results may be different:

JES: nintercal. model

« Central value # 0: some data feature //
differs from MC expectation or cemelvae %
= Need investigation if large JES: pileup p /

i Unceﬂ'CIini'y < ] . eﬁeCT iS COnSfl'Oined b-jet efficiency scale fac. 0
by the data = Needs checking if this
legitimate or a modeling issue

ATLAS —

{s=13TeV, 3.2 fb™! Pre-fit Impact on p

7///4 Post-fit Impact on n

— Impact on result of + 10 shiftf of NP sz 1012 3

(6 - 6,)/A6
dllows to gauge which NPs matter most . 33



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2016-058/
https://arxiv.org/abs/1612.07231

Profiling Takeaways

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

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
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Extra Slides
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Eur.Phys.J.C71:156564,2011

CL, : Gaussian Bands T
300 F’h“
Usual Gaussian counting example with known B: . 00 '(f |
95% CL, upper limit on S: Z 150l :
with 0
Sy =S+ (1)—1(1—0.05 d)(S/oS)) Os o,=VB ¥
Compute expected bands for S=0: 2 | 1
— Asimov dataset & S=0: Sﬂp =196 0,
— + NC bands: . B _
e = (in + [1 — @7'(0.05 ®(¥n) )] o,
Cls:
« Positive bands
somewhat reduced,
S « Negative ones more so
+1 272 | Gaaaa
""""""""""" Band width from 2 _ s
0 1.96 (o JU—
JIIIIIIIIIIIIIIizny dependson s, forT sS4 i
‘i non-Gaussian Coses,diffeq'é(rﬁsmov)
-1 141 K values for each band...
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https://arxiv.org/abs/1007.1727

Comparison with LEP/TeVatron definitions

Likelihood ratios are not a new idea: q,.,=—2log L(M:O’g)
- LEP: Simple LR with NPs from MC L(u=1,6)
— Compare p=0 and p=1 (W=0, 50)

* Tevatron: PLR with profiled NPs 9 1ovaron ——2 108 ~
L(M: L 61)

Both compare to =1 instead of best-fit

Example from Collie documentation (DO note 5595)
= 0047 7
z F +B NLLR
R 0.035F :
O '| = F tOnly NLLR
— f— = 0.03F
M M k= C thserved: NLLR

2 C
£ 0025

CLS—I]

LEP/Tevatron  H, -_.'_> H,

LHC H, = H, uEaR

Al

L
;hrs

“NLLR

1% CMS Preliminary Vs=7 TeV L,=0.2-0.9 b
Higgs Combination at m, = 250 GeV
o° -_f(qu) for signal+bkgd pseudo-data (u=2)
if[q“) for bkgd-only pseudo-data (u=2)
[—d, observed (u=2)

— Asymptotically:
 LEP/Tevaton: g linear in y = ~Gaussian

« LHC: g quadraticinu= ~x2 ‘: m
— Still use TeVatron-style for discrete cases 1 L -

0 5 10 15 20

Number of toys

Test Statistic q,

| LOZ Sd3 ‘NojAIoy Asipuy
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Profiling Example: {tH—>bb N
"’ oL ‘” o ‘“ L
Analysis uses low-5/B categories fo consfrain backgrounds. | s
— Reduction in large uncertainties on tt bkg 3 N S
— Propagates to the high-S/B categories through the e
statistical modeling

= Care needed in the propagation (e.g. different

kinematic regimes)

0 GeV
2
8

8000

Events/ 10

4000

2000

Data / Pred.

6000

RN L R R RN RN R
- ATLAS Preliminary -e-Data

—1s=13TeV, 13.2b" EEH o -
. Di +1i 1
- Dllelpton S 2910 :
-=4),2b mti+>b
| Pre-fit mtt+ V. i

[ 1Non-tt .

7zzUncertainty ]

\l &I T T | T T T | T T I |
N >N
.\‘u ir
condliv el 1

0 E , . N . . N . . ]
200 300 400 500 600 700 800 900 1000

H' [GeV]

§o)

o
o 1
—~—
< 0.75
T 05
o

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

1

1.‘
0 o]

o

[T

" {s=13TeV, 13.2fb"' HtH

_ Dilepton %E : Igr;t
- 24],2b mtt + >1b
- Post-fit mutt+ V.
- [ 1Non-tt

RN N LN LN LN LN LR
- ATLAS Preliminary -e-Data

77z Uncertainty

o b b o b b o b b
80-910Z-4NOD-SV 1LY

200 300 400 500 600 700 800 900 1000

H' [Gev] 38


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/

Profiling Issues Ok prei

JES

Too simple modeling can have unintended effects » I eSEE
— e.g. single Jet E scale parameter: 7
= Low-E jets calibrate high-E jets — intended ?

_
Jet E
Two-point uncertainties:

— |Inferpolation may not cover full configuration
space, can lead to too-strong constraints

Pre -fit constraint Post -fit constraint

Nature
(

@ Sherpa

. Pythia
Pythia Nature

@ Sherpa Nextyears (O

Next years O generator

generator Herwig

W. Verkerke, SOS 2014
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https://indico.in2p3.fr/event/9742/contribution/16/material/1/0.pdf

Profiling Issues

JES

Too simple modeling can have unintended effects

— e.g. single Jet E scale parameter:
= Low-E jets calibrate high-E jets — intended ?

Z

_
Jet E
Two-point uncertainties:

— |Inferpolation may not cover full configuration
space, can lead to too-strong constraints

Pre -fit constraint Post -fit constraint

Hﬂ@herpa

Pythia
Pythia

Nature

@ Sherpa Nextyears (O

Next years O generator

generator

o

W. Verkerke MS 2014
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https://indico.in2p3.fr/event/9742/contribution/16/material/1/0.pdf
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