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Course Outline

Today:
Computing statistical results:
Discovery testing

Confidence intervals



Hypothesis Testing

Hypothesis: assumption on model parameters, say value of S (e.g. H, : $=0)

Data disfavors H,

Data favors H0

(Discovery claim) (Nothing found)
H, is false _ S Type-ll error
(New phys|cs|) Dlscovery. \ /7 4 (Missed discoverY)
H, is true Type-I| error No new physics,
(Nothing new) (False discovery) none found 599

Lower Type-| errors & Higher Type-ll errors and vice versa: cannot have

everything!

— Goal: test that minimizes Type-l|
errors for given level of Type-I error.
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ROC Curves

—

“Receiver operating
characteristic” (ROC) Curve:
— Plot Type-l vs Type-ll rates for
different cut values

— All curves monotonically
decrease from (0,1) to (1,0)

— Better discriminators more
bent towards (1,1)

1- €pe-i (=1-¢)

Increasingly

Better

discriminators

Better

— Goal: test that minimizes Type-li
errors for given level of Type-| error.

— Usually set predefined level of
acceptable Type-l error (e.g. "507)

0.35F
0.3
0.25E
0.2F
0.15
0.1F
0.05F
ok

BSM

pe-| error

Discriminant observable



ROC Curves

“Receiver operating
characteristic” (ROC) Curve:
— Plot Type-l vs Type-ll rates for
different cut values

— All curves monotonically
decrease from (0,1) to (1,0)

— Better discriminators more
bent towards (1,1)

—

1- €pe-i (=1-¢)

— Goal: test that minimizes Type-li

errors for given level of Type-| error. 0.25

— Usually set predefined level of

acceptable Type-I| error (e.g. "507) ok

Increasingly

discriminators

Better

BSM

0.35

0.3

0-2E pe-| error
0.15F
0.1F
5

0.05

Discriminant observable



ROC Curves

“Receiver operating
characteristic” (ROC) Curve:
— Plot Type-l vs Type-ll rates for
different cut values

— All curves monotonically
decrease from (0,1) to (1,0)

— Better discriminators more
bent towards (1,1)

1- €pe-i (=1-¢)

— Goal: test that minimizes Type-li

errors for given level of Type-| error. 0.25

— Usually set predefined level of

acceptable Type-I| error (e.g. "507) ok

—
L

Increasingly

discriminators

Better

BSM

0.35

0.3

0-2E pe-| error
0.15F
0.1F
5

0.05

Discriminant observable



Hypothesis Testing with Likelihoods

Neyman-Pearson Lemma

When comparing two hypotheses H. and H,, the
J ’ ' L(H,;data)

optimal discriminator is the Likelihood ratio (LR) I ( H. - data)
0

L(S = 5;data)
e.g Caveat: Strictly true only for simple
~ L ( S=0 5 data) hypotheses (no free parameters)

As for MLE, choose the hypothesis that is more likely given the data we have.
— Minimizes Type-Il uncertainties for given level of Type-l uncertainties
— Always need an alternate hypothesis to test against.

— In the following: all tfests based on LR, will focus on p-values (Type-| errors),
trusting that Type-ll errors are anyway as small as they can be...



Discovery: Test Statistic Cowon, Cranmer, Sross & Vel

Discovery : S=I0

« H,:background only (S = 0) against H -’-» H]

0

« H.: presence of asignal (S > 0)

— For H,, any S>0is possible, which to use ? The one preferred by the data, S.

L(S=0)
= Use Likelihood ratio: L(§)
L(S=0)
_ In fact use the test statistic g, = —2log ~
L(S)

Note: for S < 0, set q,=0 fo reject negative signals ("one-sided test statistic”)


https://arxiv.org/abs/1007.1727

Discovery p-value
data data

21 L ( S= O) . prefer ﬁ prefer
Large values of — 4108 ~ ’ - $>0
d L(8) S=0 >

= observed S is far from O

0.5

= H,(5=0) disfavored compared to H,(S#0). 0.45
0.4

0.35

0.3

How large g, before we can exclude H, 7 0.25
0.2

(and claim a discovery!) 0.15
0.1

— Need small Type-| rate (falsely rejecting H,) 0.05

S<o0 f(q0|3=0)

’/Observed

value g
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- Type-l rate, ak.a. the p-value : p, = f f(q0|S= 0) dq,

= Fraction of outcomes that are 1o

at least as extreme (signal-like) as data, when H, is frue (no signal).



Cowan, Cranmer, Gross & Vitells

AsymptOﬁC distribution of qo EurPhys.J.C71:1554,2011

Gaussian regime for S (e.g. large n_, . Central-limit theorem) :

Wilk’s Theorem (*) : forS =0 0.5~
0.45[ | $<0
q, Is distributed as x?* (n_,) 0.4) (n. =1)
o _ 0.35¢ dof
>n_, =1: yq,is distributed as a Gaussian 0.3/ Observed
0.25¢ value g °bs
. 2 0
= Can compute p-values from Gaussian 0.2f
quantiles 0.15F p-value
[ A
=1— 0 g
E 1
= Even more simply, the significance is: O

Z=y 4o
Typically works well already for for event counts of O(5)
and above = Widely applicable

*) T-line “proof” : asymptotically L and S are Gaussian, so

1{s-8Y 5\’ S
L(S’:e""[‘a(T)l = a= (8] = Va=E~6t01) = 4 ~ (num)


https://arxiv.org/abs/1007.1727

Homework 1: Gaussian Counting

Count number of events n in data

— assume n large enough so process is Gaussian £

— assume B is known, measure S 5

1 nobs_(S+B) * :_

- VS+B g
likelihood:  L(S;n,)=e ' " g

— Find the best-fit value (MLE) S for the signal

(can use A = -2 log L instead of L for simplicity)

— Find the expression of g, for S>0.

A
_ S
— Find the expression for the significance / = ﬁ



Homework 2: Poisson Counting

Same problem but now nof assuming Gaussian behavior:

L(S ; n) = e_(S+ B) ( S+ B)" (Can remove the n! constant since we're only
dealing with L ratios)

— As before, compute S, and a,

— Compute Z = +/q,, assuming asymptotic behavior

Solution: Eur.Phys.J.C71:156564,2011

| A |
Z={ 2| (5+B) log 1+2]-%
- B

Exact result can be obtained using 4

pseudo-experiments — close to \/q0 result

Asymptotic formulas justified by Gaussian
regime, but remain valid even for small

LN
.....

0 . Ll . M|
values of S+B (down to 5 events!) 1 g;e o Comers dides forde 1b 0?
: I

case with B uncertainty


http://www-conf.slac.stanford.edu/statisticalissues2012/talks/glen_cowan_slac_4jun12.pdf
https://arxiv.org/abs/1007.1727

Some Examples

Higgs Discovery: Phys. Lett. B 716 (2012) 1-29
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http://link.springer.com/article/10.1007/JHEP09%282016%29001
http://www.sciencedirect.com/science/article/pii/S037026931200857X

Discovery Thresholds

Evidence : 30 < p, = 0.3% <> 1 chance in 300

Discovery: 50 < p, =3 10-7 < 1 chance in 3.5M

Why so high thresholds ? (from Louis Lyons):

* Data

/20 GeV
b Y
3
b Y
7,

Look-elsewhere effect : searches typically cover

Spin-0 Selection

Events
=)

—— Background-only fit

g Vs =13TeV,3.21"
multiple independent regions = Higher chance tog { o -
to have a fluctuation “somewhere” 1o
N, .~ 1000 :local 56 <« O(10*#) more reasonable § EJT o -

AT
Mismodeled systematics: factor 2 error in e R :

syst-dominated analysis = factor 2 error on Z...

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

Extraordinary claims require extraordinary evidence!

m,, [Ge

V]

12


https://arxiv.org/abs/1409.1903

Takeaways

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 ( 0)

L(H,)
L($S=0) .
To test for discovery, use q,= —2log ( ~ ) S$=>0
L(S)
For large enough datasets (n >~5),  Z =4/q,
. S

For a Gaussian measurement, £ = 7B

. _ . S|
For a Poisson measurement, Z =4 2| (S+B) log|1 + Bl S

13



Outline

Computing statistical results

Confidence intervals
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Confidence Intervals

Last lecture we saw how o estimate (=compute) the value of a parameter

Maximum Likelihood A
= argmax L
Estimator (MLE) [u: . 9 (U)

However we also need to estimate the associated uncertainty.

\ |
ATLAS e my
=u Stat. Uncertainty
— Full Uncertainty
What is the meaning of an
. LEP Comb. 80376+33 MeV
uncertainty ? ¢
Tevatron Comb. Py 80387+16 MeV
We doan knOW WhOT The True LEP+Tevatron Py 80385+15 MeV
value is, but there is a
o - iy ATLAS @-50370+19 MeV
68% chance that it is within
the orange interval Electroweak it —— e Y
\ l | l
80320 80340 80360 80380 80400 80420
m,y [MeV]
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Gaussian Intervals

If 0 ~ G(u*, 0), known quantiles :
PlW—o<fi<p +0)=68%

This is a probability for fi , not p* !
— U* is a fixed number, not a random variable

peximent 2
But we can invert the relation:

Pl —o<fi<p +0)=68% N \

= P(|i-n'|<o)=68% *-c  p* p*+o
= P(i—-o<pu <fi+0)=68%

— If we repeat the experiment many times, [[ - o, [J + o] will contain the frue
value 68.3% of the fime: y* = i + ©

This is a statement on the interval [ - 0, [1 + o] obtained for each experiment

Works in the same way for other interval Z 1 1.96 2
sizes: [U - 2o, P + Zo] with B 68.3% 95% 95.5%

16



Neyman Construction

General case: Build 10 intervals of observed values for each true value
= Confidence belt

True value p*

eak Position

68% intervails for ju

Observed value i
|

17



Neyman Construction

General case: Build 10 intervals of observed values for each true value
= Confidence belt

True value p*

eak Position

68% intervails for ju

Observed value i
|
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Inversion using the Confidence Belt

General case: Intersect belt with given fi, get P(i — o, <p <{i + o,) = 68%
— Same as before for Gaussian, works also when P(u°®|u) varies with .

True value p*

—>
Observed value g 44



Inversion using the Confidence Belt

General case: Intersect belt with given fi, get P(i — o, <p <{i + o,) = 68%
— Same as before for Gaussian, works also when P(u°®|u) varies with .

True value p*

T
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Observed value g 44



Inversion using the Confidence Belt

General case: Intersect belt with given fi, get P(i — o, <p <{i + o,) = 68%
— Same as before for Gaussian, works also when P(u°®|u) varies with .

True value p*

T
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Observed value g 44



Inversion using the Confidence Belt

General case: Intersect belt with given fi, get P(i — o, <p <{i + o,) = 68%
— Same as before for Gaussian, works also when P(u°®|u) varies with .

True value p*

o, comes from the

model, not the data

o+ from negative side of [ infervals

o, from positive side of {J intervals

Problem: Doesn’t generalize well to

many parameters in realistic models
—-

g -t

Observed value [i

— data only provides (.

18



Likelihood Intervals

Confidence intervals from L:
« Test H(u,) against alternative using

t

e Two-sided test since frue value can be

higher or lower than olbserved

Gaussian L:

A—u, ’
OM

 Minimum occurs at p =

« Crossings with T,= 1 give the

1o interval

¢ tl‘-o =

. parabolic in .

General case:
 Generdlly not a perfect parabola
* Minimum stilloccurs at g = i

=—2log

Wy

L(pw=p,)

L(j)

T T | T T T | T T T T | T T T | T T T
ATLAS Preliminary

Combination
\s=13Tev,36.1107 ... Hoyy ]
H—oyyand H=Z2z*—=4/ H s77% sl _

m,, = 125.09 GeV ATLAS-CONF-2017-047 |

1 1 ‘4 = : .- A Lawr® | L | ] | |
0.8 ‘1 ‘ 1£ 1.4 1.6 1.8
1)

—o— 4 =1.09 +0.12

« JSfill define 10 inferval from the 1 = + 1 crossings

19


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/

Homework 3: Gaussian Case -

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

2
1 m_mobs

2

Gm

L(m;mobs) — €

— Compute the best-fit value (MLE) m
— Compute t_

— Compute the 1-0 (Z=1, ~68% CL) interval on m

+ O

obs m

Solutiont m = m

— Noft readlly a surprise — the method works as expected on this simple case
— General method can be applied in the same way to more complex cases



2D Example: Higgs o, . vs. O_ .

ATLAS-CONF-2017-047

L(X,Y,)
E‘ :I [ | 1T 1T 1 | | L | L | T 1T 1 | | L | T 1T 1 | | L log
2 40— Combined 68% CL t < 2.30 ATLAS Preliminary - L(X,Y)
L
m L mmmmms i o = -1 _
S 35F Combined 95% CL t < 5.99 Vs =13 TeV, 36.1fb E ~%*(N, =2) g
R H—yy 68% CL H—yy and H—ZZ* —4l 7t . S
— -  99r ©
30— === HZZ* 4] 68% CL my, =125.09 GeV, |y [<25 = 2
- 4 Bestfit 1| 72 S
25— T e :
~ I SM prediction = N
- . RE 4 \ E
20— ] .".. ' 9
15 :_ ";“‘ ------------ + _‘ : é
- R S LN . ] :
5 f_ T, T::T.’,,"”-rm.““‘-,::; N -._I_'-l‘-';é """" _f VBF g
- SM = 2
_I 11 1 | I I | | 1 1 1 1 | 1l 1 1 1 | I I | | 11 1 1 | I I | | 11 1 1 8
10 20 30 40 50 60 70 [ bo g
68% (1)  95%  95.5% (20) CooF [P elely
] 3.84 4 Gaussian case: elliptic :
2.30 5.99 6.18 paraboloid surface &
21



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2017-047/

Outline

Computing statistical results

Upper limits on signal yields

22



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)
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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”

3004
250F
200
1501
100
501

Allowed

Normalized events per GeV

P00 110 120 130 140 150 160
m (GeV)
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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”

300jt
250} +
200F '

" &
100
501

Excluded

Normalized events per GeV

P00 10 120 130 140 150 160
m (GeV)
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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”

300jt
250} .
200F '

" &
100
501

Excluded
-- 95% CL Upper limit

Normalized events per GeV

P00 10 120 130 140 150 160
m (GeV)
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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—;}

24




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, VG5 > 1.64

Asymptotic case: need yq,, = 1.64 999, Ja, > 2.33

> § 0.5
G 300 0.45 Ya, = 1.64 : p = 5%
S 2500 0.4F
= : 0.35
g 200 0.3F
5 150] 0.25 Ya,
5 100: 0.2F
E | 0.15F
2 90- S : (too) strong exclusion 0.15

:||||\ 005;_

foo 110 120 130 140 150 160 =" T

GeV 82 0 | 21
m (GeV) p-value for qs]/ \a, 25



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

=> C

& 3001«}L

:;.)- 250 il{#}f}]l' ,

S oo0- MY 4

> i t T+”T~}~,T J_‘l'

g 0 Py

‘s 100F H +++H+++
£ g :
2 'S, :no exclusion

foo 110 120 130 140 150 160
m (GeV)

Asymptotics
Va5, =@'(1-py

CL Region

90%  Jq.>1.28
95% VO > 164

99% V9 >2.33

Jqs = 1.64:p =5%




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 950, VO > 1.64

Asymptotic case: need yq,, = 1.64 900, VG >2.33

300]
2500
200
150}
100

0.450 Jq, = 1.64: p = 5%

Normalized events per GeV

501" S, : 95% exclusion
P00 710 720 130 140 150 160
m (GeV)




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.

27



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..

28


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)

30



Outline

Computing statistical results

Expected Limits
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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

Normalized events per GeV

o
o
N
|m\ T

0.02t
0.015L
0.01

0.005F

P(A=5)

Unbinned

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/
1000

500;

foo 55

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

w
o


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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Extra Slides
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CL, : Gaussian Bands
300
Usual Gaussian counting example with known B: DO

Event

5% CL, upper limit on S:

with 100F
Og Og = \/E S0F

S,, = 8+ q>‘1(1 —~ 0.05 ¢(§/05))

_EurPhysJ.C/71:1554.2011

0
-2

Compute expected bands for S=0:

— Asimov dataset <& $ =0 S =196,
— + NC bands: L » _
e = (in + [1 — @7'(0.05 ®(¥n) )] o,
Cls
« Positive bands
I somewhat reduced,
+1 279 . S « Negative ones more so
2
0 96 ... Bandwidthfrom o%,= — >
-1 1.41 '::r ------------------ depends on S, for qS(ASlmOV)
non-Gaussian cases,different

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

= 0047
F +B NLLR

%z ~
A 0.035F
-~ F +Only NLLR

g 0.031
= E

thserved: NLLR

2 r
£ 0025F

u=0  u=1
LEP/Tevatron  H, .—.—> H, o
LHC H0 .}.-» H] " g L] ™

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)

CLS—I]

Al

“NLLR

— 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,

L
;hrs

| LOZ Sd3 ‘AojAioy Asipuy
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