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Reminders from Lecture 1: Statistical Model

Hard scattering

P .-:. i Decays
.. .-_‘-;::'_ - 'i'."-f;_'- \\i: :.-E-_‘. .
Goal: X .;_.‘.’ : \_;‘ ,1:'__:?: Detector response
Describe the random process by = Y Y L pepe.  ROcORSHUCHON
which the data was obfained. O L
— Build a Statistical Model Al ] s h\’: et
NI AP
F= B
Ingredients:
1. Statistical descripfion of the random aspects : , ——
- PI'ODGD““'Y distributions Systermnatic uncertainty is, in any
statistical inference procedure,
2. Assumptions on the underlying the uncertainty due fo the
statistical processes (physics, efc.) incomplete knowledge of the
— Uncertainties on the assumptions probability - distribution of - the
themselves: systematic uncertainties observables
' G. Punzi, What is systemadtics ?

Statistical results can only be as accurate as the model itself ! 2



Reminders from Lecture 1: Statistical Model

Physics measurement data are produced through random processes,
Need to be described using a stafistical model.

Description Observable Likelihood
Counting n Poisson P(n:S.B)=e5" (S+ B)"
n ’ ) ) —€ n !
Binned shape n,i=T.N_ Poisson product ( ’ |
analysis . o spsagee (SfC+ B
=1 n!
Unbinned m,i=1.n_, Extended Unbinned Likelihood
shape analysis —(S+B) N
P(m;; S, B)=—— HSPsig(m,-) B Py, (m,)
evis © 1=

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



Model Parameters

Model typically includes:

+ Parameters of interest (POIs) : what we want fo measure
— S, oxB, my,. ...

* Nuisance parameters (NPs) : ofther parameters needed to define tThe model
— B

>

. & L ATLAS -
— For binned data, 19, {9 2 0. VBF tight (=13 TeV, 36.1 fb"
) % E ¥éindof = 30.7/48 1

— For unbinned data, parameters needed W esp .
fo define P | 205 T oy model

.

e.g. exponential slope a of H-uu background.  1ss B =
i i e am,,
1ﬂ:' * —
RN\ XTI
I -

NPs must be either

2

— known a priori (possibly within systematics) or f'é D.’_._++_+_+++...++_+_+H__¢_+;_Jf4e,,.*4+¢+___e_-_-_-_l_ﬂx_,___.'
- constrained by the data (e.g. in sidebands) e ) .
110 115 120 125 130 135 140 145 ﬁﬁr.n;,is[Ze:f]BD

Phys. Rev. Lett. 119 (2017) 051802
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Model Example

H—-Yy Discovery Analysis

Normalization

g4 Parameters
Parameters e mle N 70
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Statistical Results as Hypothesis Tests

Usual HEP results can be recast in ferms of hypothesis testing:

» Discovery; Is the data compatible with background-only 7
— H, : only background is present

— How well can we reject H, ? —» p-value (significance)

* Upper limits: no excess observed — how small must the signal be 7
— H,(S) : B + some signal S

- How small can we make S, and sfill reject H,(S) at 95% C.L. (p-value=5%) ?

* Parameter measurement
— H,(M): some parameter value U

— What values u are not rejected at 68% C.L. (p=32%) ?
= 10 confidence interval on y

In all cases, HD : hull hypothesis — what we are frying 1o disprove



Test Statistics for Discovery

Discovery :
- H, : background only (S = 0) against

- H,: presence of asignal (S # 0)
— For H,, any S0 is possible, which 1o use ? The one preferred by the dataq, S.

~ Use LR L(Sfo)
L(S)
L(S=0)
s In fact use the test statistic £, = — 2log =~
L(S)

- 1, is computed from the observed data - fit fo data fo get S.

— t,always 2 0, t, = 0 reached for S = 0.
— T, measures the relative likelihood of H, vs. H, In data:

Large values of t, « large observed S

Cowan, Cranmer, Gross & Vitells, Eur.Phys.J.C/71:1554,2011



Discovery p-value

L(S=0
Large values of t,=—2log ( _ )
L(S)
= large observed S 0.5¢
H,(5=0) disfavored compared o H,(S#0). 0.45; S~0
R P 1(5#0) 0.4f f(t,IH,)
0.350 /
How large 1, before we can exclude H, ? 0.3¢ Observed
(and claim a discovery!) 0.25¢ value s

p-value : Fraction of oufcomes that are af
least as H,-like (signal-like) as data,

when H, is true (no signal present).

— Smaller p-value = Stronger case for discovery

— Compufe from distribution f(t,|H,) of 1, if H; is True:




Reminder: Wilk’s Theorem

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

L{S=S
Consr 1=~ 2log Lo

0.4/ X*(Nyo=1)
— Assume Gaussian regime (e.g. large n_ ., 0.350 /
Cenfral-limit theorem) : then: 0.3¢ Observed
0.25p value q°°

0.2f

Wilk’s Theorem: 1. is distributed as a x? 0.15¢

under H_(5=5,): oot

f(ts., | stu) = fxz(nMZI)(tSo)

0.4f
0.35
0.3t
0.25¢

Z = q, il

0.1 .

T

= The significance is:

oosf /




Asymptotic Approximation

Cowan, Cranmer, Gross & Vitells
Eur.Phys.J.C71:1654,2011

— Assume Gaussian regime for S (e.g. large Ny = Central-limit theorem :

- t, is distributed as a X2 under the hypothesis H,

flto| Ho| = £ en, —)to]

In particular, significance:

Z=\/IT.,

Typically works well for for event counts O(5)
and above (5 already “large”...)

By definition,
fo~Xx2= \f’ro ~ G(0,1)

t,=—2log

0.5¢
0.450
0.4}
0.35;
0.3f
0.250
0.2F
0.15}
0.1
0.05¢

M~0

f

¥2,ndof=1 (TO)

s

u=ao,

G-

12 3 4 5 6 7 8:9
0

The 1-line "proof” : asymptotically L and S are Gaussian, so

2

1{s—§

2 (8]

==-t

L(S) = exp = tn=(g

~ xz(ndnf= 1) since S ~ G(G,U)
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Discovery significance

Interesting p-values are quife small po=1-— J" 1_ e‘“z“fzdu
= express in ferms of Gaussian quantiles SzV2m
— Significance Z =1-2d(2)

p{|x-x0| < 1) = 0.682689

Z p-value
’ 1 0.32
INn ROOT: | | 5 0.045
P,—Z (®) :ROOT::Math::gaussian_quantile_c
Z—= P, (®1): ROOT: :Math::gaussian_cdf_c 3 0.003
5 6 x 107

= How small is small enough ?
— Conventionally, discovery for p= 6 107 & Z =50

11



Takeaways: Discovery Significance

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

To estimate a parameter, use the value g that maximizes L(u).

L H
To decide between hypotheses H, and H,, use the likelihood ratio (H,)
L(H,)
L(S=0) .
To test for discovery, use  q, = —2log ( = ) S=0
L(S)
For large enough datasets (n > 5), Z = \/a
. S
For a Gaussian measurement, Z = —
VB
. P g P
For a Poisson measurement, £ = J 2| (S+B) log|1+ Bl S

12



Hypothesis testing: One-Sided vs Two-Sided

If §$ < 0, is it a discovery ? (does reject the S=0 hypothesis...)
Usual assumption : only S > 0 is a bona fide signal
= Change statistic so that § ¢ 0 =t = 0 (perfect agreement with H,, as for § = 0)

Two-sided . One-sided
: H, H
| u=0
' L(S=0) .
Test _ —210g (L(g) ) S§5=0
Statistic o )
’ 0 S<0
z=0"(1-2 P Z_|P, Z=3o '(1-p,)
2 032 1 016
By convention, factor 2 0.003 3 0.0015 = Same Z in both cases

in p-values foragivenz éx107 5 3x107 for a given signal S
13



One-Sided Asymptotics

— One-sided test:
S 0 . ‘— 21{]g

q, =
L

L(5=0)
L(8)

0 Sjﬂ)

Asymptotics: “half-x2" distribution:  f(q,| $=0) = %6(%) + %fﬂ%:u(qﬂ)

Discovery p-value: p, = 1—¢>(\/;“) Significance: Z = & 1(1 Pu) r
d .

®(z)= jG(u 0,1)du

0.5¢
0.45}
0.4f
0.35}
0.3f
0.25F
0.2}
0.15}
0.1
0.050

b 1T 23456 7 8 9

normcll CDF

qo—

A 12
w
g, 102
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Test Statistic for Limit-Setting

Discovery :
« H:5=0 Compare
. = %+ |ikeli
« H:S>0 4i=—2log L(S - 0) Likelihood of H, &, o

L(S) e Likelihood of H,

Limit-setting

. H,:S=S, H, ——H H,

. H, :S<S, Compare
. L(S=S,) <e— Likelihood of H_
=—=210 — a
T ®TL(3) < LikelihoodofH, <5
Same as g :

— large values = good rejection of H,
= Can compute p-value from g



Takeaways: Limits & Intervals

. - L{S=S A
Limits : use LR-based test stafistic: q, = —2log ( _ o) S<S,
" L(S)
— Use CL, procedure to avoid negative limits ~ o
é E ATLAS L Observed
R 1°F 5=13Tev, 38117 77 Expected E
= F oo X—Zy £ f;sg-ge“'-
. . - - Jx = 0. NWA e &szw.adefn:ﬁm |
Poisson regime, n=0: 5 = 3 events E wop ensemie st =
5 F . =~ e Expected from -
3‘1 10; Iyt ble 5
(_3 £
% 6l wiscer
( ) 3A0? 10° 2¢10°  ax10*
i . L — m, [GeV]
Confidence intervals: use  t, =—2log a A”’"
“ L(jx)
— 1D: crossings with t = 722 for £Zc infervals e I
H = ATLAS Preliminary AR
N Ea13Tev, 361 b i H
4 H%_rrzasnngG—r\Z’Z*—’ﬂ A A i
Gaussian regime: u =0+ o__  fora lointerval J
4 =
3_ —
2_ —
1~ Ll
6 18

16



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 o PDF : generate pseudo-daia

Normalized events per GeV

0.02}
0.015f
0.0t
0.005/-

a025§

P(A=5)

Unbinned

o010 120 130 140 150 160

m (GeV)

—)

Generate

—)

Normalized events per GeV

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

Each enfry = separate “experiment”

3000—
25000 " %t fg
2000 |

15001

10000 |

5001

foo-

)0

0 110 120 130 140 150 160
m (GeV)
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Expected results

—— Observed CL, limit ATLAS

102 ---- Expected CL_limit Vs =13 TeV, 367 ! _
- Expected + 26 NWA (I'y = 4 MeV) i}
10

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

1071

500 1000 1500 2000 2500
m, [GeV]

18



Expected limits: Toys

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

Two main ways fo compute:

— Pseudo-experiments (foys):

 Generate a pseudo-dataset in B-only hypothesis
« Compute limit Phys. Lett. B 775 (2017) 105
* Repeat and histfogram the results — Observed CL, imit  ATLAS -

—— Observed CL, limit ATLAS

. 102 ;— - - - - Expected CL_limit Vs =13 TeV, 36.7 fb
* Cenfral value = median, bands = B Expected * 1o Spin-0 Selection
ased on quantiles - Expected + 26 NWA (I = 4 MeV)
10

68% of toys 95% of toys

ber Limit on o, x B [fb]

T

1

P IR B R R L L)
500 1000 1500 2000 2500
m, [GeV]

ICH

S0f

Number of Toys

Eur.Phys.J.C71:15564,2011 Computed limit

19



CL.: Gaussian Bands

Eur.Phys.J.C71:1554.,2011

350

300k

250F

Usual Gaussian counting example with known B:
25% CL, upper limit on S:

2000

Events

150+

) » R with 1o
Sllp = S <+ (I) (1 - 0.05 (I)(SIUS) )l US GS — \'B s0F
Compute expected bands for S=0: 2
— Asimov dataset & S =0 Sﬂpexp = 1.96 o,
— * no bands: +; .
st = (in +[1— @7*(0.05 @(+n) | )cs
Cls:
S /B
. Positive bands
+2 3.66 e somewhat reduced,
+1 2.72 * Negative ones more so
2
0 1.96 Band width from o2 , = (AS, )
s1Imov
-1 1.41 depends on S, for s
-2 1.05 non-Gaussian cases,different

values for each band...
20



Expected limits: Asimov Datasets

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

Two main ways fo compute: Strictly speaking, Asimov datfaset if
X = X, for all parameters X,

/ where X, is fhe generation value
— Asimov Datasets

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

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

« Get bands from asymptotic formulas:
Band width

Events / { 0.5 GeV )
B &
IQI |=

]
I=I

200F

2
Sl]

q SO( Asimov)

2 r
Os,.a= 100 .

L I | | I | | | 11 | | 11 11 | L1 11 | 111 | 1
Pun 110 120 130 140 150 160
m,, (GeV)

® Much faster (1 “toy”)
© Relies on Gaussian approximation 9

21



Beyond Asymptotics: Toys

CMS-PAS-HIG-11-022

. . S 10% [ CMS Preliminary \s=7 TeV L, =0.2-0.9 fb™
Asymptotics usually work well, but break down in a Higgs Combination atm_ = 250 GeV
some cases — e.g. small event counts. S 108 — H(qy) for bkgd-only pseudo-data

2 — 2 with ndof=1
Solution: generate pseudo data (toys) using the PDF, § 102} o —q, observed

under the fesfed hypothesis

— Also randomize the observable . 10
(8°%) of each auxiliary experiment: G(6°7;0,0,,)

— Samples the frue distribution of the PLR

= |ntegrafe above observed PLR to get the p-value
— Precision limited by number of generated toys,
Small p-values (50 : p~107!) = large toy samples

Test Statistic q,

Repeat NmYS fimes
__.A..__

Z - 3> SUOUE

(O] F 0] F+

o 0.025: = D500 Hy

% 0.02f p(data|x) 2 L e,

2 02 £ 2000 i,

' PDF - e e ﬁ Y%
- N - e

-t_:U 0,01E E 1000E e

S 0.005- 2 50 Pseudo data

Poo 10 120 130 140 150 180 foo 710 120 130 140 150 160
m (GeV) m (GeV) 22



ATLAS X—Zy Search: covers 200 GeV < m, < 2.5 TeV

Toys: Example

- form, > 1.6 TeV, low event counts = derive resulfs from foys

> 10%E ATLAS
G = Js=13TeV, 36.1 1t
S 10° 5 byt
£10° =
2 u
w 10=
107 =
- = Background fit
102 T :
c 2 7]
g 0_-_l1_i._.lnu..r-.rl',il.n.u.L_L _
T -2 ]
2 4L . R T
> 3x10? 10° 2x10°
m,, [GeV]

95% CL Upper Limit on ¢ x B [fb]

-k
o
w

—_
o
[h+]

o

JHEP 10 (2017) 112

ATLA

Vs =13 TeV,

36.1 fb™

g9 —> X — Zy ]

J =0, NWA

Observed
Expected

+ 1 std. dev.
+ 2 std. dev.
Observed from
ensemble tests
Expected from
ensemble tests

3x10?

10°

2x10° 3x10°
my [GeV]

Asymptofic results (in gray) give opfimistic result compared 1o toys (in blue)
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Remarks

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 o isolated signal-enriched regions

> = T T T T
= A B B R B @ o
8 70— o Dawm ATLAS Preliminary — G [ ATLAS ¢ Data )
P (R gackglrou;d ground {s=13TeV, 36.1 b © 80 H— 1t VBF+Boosted — H{125) (u=1.0}  —
£ gpo~ — Signal + Backgroun m, = 125.00 GeV =~ .- B [ A ]
g " __ signal iy - 2 Vs=7TeV, 451
R gna In(1+S/B) weighted 3 - : Others
K AN n(1+5/B) weighted sum 3 < ,}Ej 601 Vs =8TeV. 20310 4 =Fakes -
= = 3 o~ S L -+ 77 Uncert.
M~ 00— = o — 40 ]
— F = T @ =
8 300— = I'“: ) o ]
L c ] o E 20
= 200 E & -
O 1001 n N 23
- = - — T T T T T T N T T T T T L
Q . G ] ol £ TT[ —H(125) u10) f 1
9p) g L D[ H(10) (1=10) ]
<C B T £ 10f - H(150} (p=1.0) ]
= . SRR e
5\] %‘1 R T _+_ [
=z 50 100 150 200
mMMC [GeV]
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Nuisances and Systematics

Phys. Rev. Letft. 119 (2017) 051802

35

E ATLAS E
30F- VBF light ¥s =13 TaV, 36.1 Ib”
E yindof = 30.7/48 b

Likelihood typically includes

Enftries | GeV

5k

- Parameters of interest (POIs) : S, oxB, m,,, ... i * — B ol
* Nuisance parameters (NPs) : ofther parameters e &M
needed to define the model I

— |dedlly, constrained by data like tThe POI
e.g. shape of H—uu contfinuum kg

)
-LI\JDI\)D-O o
1 [T

++.+++'H*‘-++u:++'*+4'ﬂ* ‘!LH_. .'_,’.‘_thﬂ_.: 4

Daia - 1
o (data)

0 115 120 125 130 135 140 145 150 155 180

What about systematics ? e K]
= what we don’t know about the random processs ‘Systernatic uncertainty is, in any
= Parameterize using additional NPs statistical Inference procedure.
g . the uncertainty due to the
— By definition, not constrained by the data incomplete knowledge of the
= Cannot be free, or would spoll the measurement | probability distribution  of  the
(lumi free = no oxB measurement!) observables.
. x . . ] G. Punzi, What is systematics ?
= Intfroduce a constraint in the likelihood:

(n,0;data) C(9)

A 4 :
POI Systematics Measurement NP Constraint term
NP Likelihood = penalty for 8 # gnominal -

measurement

L(u,ﬁ;data):L
A



Likelihood, the full version (binned case)

Expected
_ bin yield
k)k=1l.n_, obs —
L (u > {Bj}jzl...nﬁp;{ "E‘ )},-:1,",,{&1! { Gj }j: 1..nNP) —
X A ____\ n., /_\
P obs
HP[HI’I‘I‘EII: Slk Ik B HG(BJ ;91;1)
Bin Yields or \\ Nps | | Systematics
Observable Sig/Bkg Shapes
values efficiencies
/ \ / \ Auxiliary
Pseudo- Data MC Data

experiments \
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Frequentist Constraints

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

— Build the combined likelihood of the main+auxiliary measurements

Independent

( 0 ; aux. data) measurements:
= Just a product

L(p.,ﬁ;data) =L_.(n,0;maindata) L__

0;aux. data) = G(0°*;0,0
(

™ gyst

Gaussian form offen used by defaulf: L

dlx

In the combined likelihood, systematic NPs are constrained
— now same as other NPs: all uncertainties statistical in nature

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

27



Wilks’ Theorem

The likelihood usually has NPs:
« Systematics
« Paramefters fitted in dafa

— What values to use when defining the hypotheses ? —» H(u=0, 8="7)

Answer: let the data choose = use the best-fit values (Profiling)

= Profile Likelihood Ratio (PLR)

L (M =, euﬂ) 8, best-fit value for u=u, (condifional MLE)
t,=—2log — 5
L(f,0)

Wilks’ Theorem: PLR also follows a x?! [ (tu.] | M=Mu) =f xz{nwzl)[t%)

overall best-fit value (unconditional MLE)

also with NPs present
— Profiling “builds in” The effect of the NPs

= Can freaf tThe PLR as a function of the POI only
28



Systematics implementation

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

— Build the combined likelihood of the main+auxiliary measurements

Independent

( 0, aux. data ) measurements:
= just a product

L(n,0;data) = L__. (u,0;maindata) L__

Gaussian form often used by default: L, (0;aux. data) = G(8°*;6,0_,)

¥ ™ 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”)

29



Gausian Profiling

Gaussian counfing with systematfic on background: n=S+B + 06 :
-n,~GES+B+6,0,,)

L(n;S,8)=G(n;S+B+6,0_, ) G(6,=0;0,0_,
— constraint G(8, o) on 6 (. )= G(n;S+B+6,0.) G(6,, O
Then: MLE: S=n—B, 6=0 \ —n |2
e PLR: A(S)=|-2*B—n
A Uz { ( sthi syst
Conditional MLE: 8(S) = ——".—(n — S—B)
+0 J
stat syst 2

— 2
U[.l - \/Ustat + Usyst

= Stafistical and systematic uncertainfies add in quadrature as expecied

Executive summary:

— Systematic = NP with an external constraint (auxiliary measurement)
— Profiling systematics includes their effect into the tofal uncerfainty

— No special treatment for systematfics: tfreafted like any other NP,
autfomafically accounted for through profiling.

— Guaranfeed to work only as long as everything is Gaussian, buf typically
robust against non-Gaussian pbehavior.

30



Profiling example

af4j.=4b
S8 - 22%

\I:]
S/1B
S/1B

ttH—=bb J

o I |

Analysis uses low-5/B categories o constrain backgrounds. — o= s

| |
&8/B =0.1% ZIEIS nﬂ 6 2 Fs:!ll::at:s%
— Reduction in large uncertainties on it bkg 5 - 5
— Propagates to the high-S/B categories through the el ][
statistical modeling o R I R I -
= Care needed in the propagation (e.g. different 5 . ;o
kinematic regimes) |, .
= T T T T T = S UL B B UL R LU BRI B IR
& : TLAS F‘rellmlnary -o-Data ] 89000:_ ATLAS Preliminary -e Data E
9100001 s = 13 TeV, 13.2 fb” -RHl T g Fis=13TeVv,13.2fb" EMUH e
= %tt MECYA — 5999 Dilepton %E I 5
£ 8000 Mt + >1b - L7000 24j,2b mt+=1b | >
L% E}aﬂu\% i %SOOO;P ost-fit EEI+\.;? E g
on- 7 = : - on- 3
6000 - Uncertainty ] 5000 -~ Uncertainty— %
] 4000 1 =
4000 ] 30002_ —i B
- - 4 o
2000 — 2000; 1 o
i 1000}~ 4
- 0: E . - ;
D 15 > E E E
a 1EE - a
S 05F 3 SO075 F E
o S . . . . , . X 3 o) 5 B . . . . =
A ° 7360 300 400 500 600 700 800 900 1000 S °° 7200 300 400 500 600 700 800 900 1000
H' [GeV] Hy [GeV]
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Uncertainty decomposition

All systematics NPs fixed to 0 : statistical uncertainty only

exp. syst. NPs fixed to 0 : stat+theory uncertainty j

2 In i

ATLAS

— Total — Theory — Stat

H — yy, m,=125.09 GeV

6 [ ] [ | [ |

5 3

4t """"""""""" A 2 o |

3 :— E : E E Subtraction in quadrature
- ;g : o _ 2 2

2_— E : E E Gsyst - Jctntal _ Gstat
n ' 1+ lointervals ! _ [ 2
- ' : ; Gtheo - JGH&chm — c]I'stat
1__ 1 1
n . / o
: 1 | 1 I 1 I:I I 1 1 ' 1 1 ! | El 1 1 I 1 | 1 I 1 1 1 I 1 1 1 1

0.7 0.8 * 0.9 1 11 12 ,( 1.3 y 14

w = 0.99 = 0.12 (stat) = 0.

06 (syst) + 0.06 (thgo)
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Pull/Impact plots

Systematfics are described by NPs
included in the fit. Nominally:

* NP central value = 0 : corresponds fo
the pre-fit expectation (usually MC)

* NP uncertainty = 1 : since NPs
normalized fo the value of The syst. :

N=N,(1+0_.,0),08~G(0,1)

syst

Fif results provide information on
iImpact of the sysfematfic on the result;

+ |If central value # 0: some dafa
feature absorbed by nonzero value
= Need investigatfion if large pull

* Ifuncertainty ¢ 1 : systematic is
constrained by the data
= Needs checking if This legitimate
or a modeling issue

* Impact on result of +10 shiff of NP

Pre-fit impact on p.:

ATLAS-CONF-2016-058

[ 18,=+A0 0,=40 o4 02 0 02 04
Post-fit impact on p: oo rrrrrree e
B 6,=+AD 0,=-AB | ATLAS Preliminary
—e— Nuis. Param. Pull Vs = 13 TeV, 13.2 b
Jet-vertex assocation et
UDThag 3L non-prompt sample variation —_—
ttH accaptance (QCD scala) —-—1:
2001438 non-prompt & ransfer lacior —|—_—- i
Filaup modaling »—o-|
201 Thgg non-prompt nomalization '
HH cross section (OG0 scals) »—.—1
W zccaptance [2CD scale) -—.—E—'
Jet Energy Scale variation 1 -—0——-
W acceptance (MLO ve LO) |-—'——;—
2001473 non-prompt p transfer factor »—-——-
tW cross section (QCD sealg) --O———-
Luminosity r—-——<
200ty 24 non-prampt CH stat. .—.———<
Jet Enargy Scala (flavor composition) —-—.—'—
g Y- R LR W
(0-6,)/A0
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Pull/Impact plots

Systemartics are described by NPs 13 TeV single-t XS (arXiv:1612.07231)
included in the fit. Nominally: Ap

0.6 04 02 O 0.2 04 0.6
T T T T T

* NP central value = 0 : corresponds o RN AN RS R RN R

the pre-fit expectation (usually MC)
* NP uncertainty = 1 ; since NPs

normalized fo the value of The syst. :

N=N,(1+0_.,0),08~G(0,1)

syst

Fif results provide information on
iImpact of the sysfematfic on the result;

 If central value # 0: some dafa
feature absorbed by nonzero value
= Need investigatfion if large pull

* If uncertainty ¢ 1 : systematic is
constrained by the data
= Needs checking if This legitimate
or a modeling issue

* Impact on result of £10 shiff of NP

JES: flavour composition

Parton Shower generator %/

JES: Eff1

ti 'FSR
Luminosity

Wit ME generator

JES: 1 imercal. model

PDF central value

JES: pilaup p

b-jet efficiency scale fac. 0

v

—— Full

ATLAS

ys=13TeV, 3.2 b Pre-fit Impact on u
A Postfit Impact on p

| I | | | | | | | | | | | | I | | | I
-3 -2 -1 0 1 2 3

(B - B,)/A8
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IELGEVENR

Systematics: uncertainties on the form of the statistical model
(as opposed to the uncertainties encoded in the model itself)

- Implemented using addifional nuisance parameters in The model

— Consfrained by adding auxiliary measuremenis (somefimes fictitious ones)
fo The model - usually represented by a single Gaussian for each NP,

L(n,08;data) = L, (1n,0;main data) G(8°”,0,1)
= Systematics treated in the same way as statistical uncertainties, alihough we

still keep track of systematics NPs for bookkeeping purposes

Profiling: when fesfing a hypothesis, use the besi-fit values L(M: Uy, Bu,,)
of the nuisance parameters: profile likelihood ratio. L(fi é)

Wilks’ Theorem: the PLR has the same asymptotic properties as the LR without
systematics: can profile out NPs and just deal with POIs.
— NPs still snow up in the PLR as increased uncertainties — Gaussian case:

—_ 2 2
Gtotal - JUslat + Usyst

Profiling can have unintended effects — need to carefully check behavior
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Summary on Statistical Results Computation

Methods provide:

— Optimal use of information from the data under general hypotheses
— Arbitrarily complex/realistic models (up fo computing constraints...)

— No Gaussian assumpfions in the measurements

Still often assume Gaussian behavior of PLR - but weaker assumpfion and
can be liffed with Toys

Systematics freafed as auxiliary measurements — modeling can be failored
as needed

— Single PLR-based framework for all usual classes of measurements
Discovery fesfing

Upper limits on signal yields
Parameter estimation
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Look-Elsewhere effect

2
g Data
E 10° —— Background-only fit
L% 102 Spin-0 Selection
. , , Vs=13TeV,3.21b"
Someftfimes, unknown parameters in signal model 0 Lk
e.g. p-values as a function of m, 1 { H
= Effectively: multiple, simultaneous searches 1o
- If e.g. small resolution and large scan range, g bbb b 5
many independent experiments & 10,+ l =
8 5 =
B 0 =
- B
Er: ~10k, ‘J. E
© A e e o O LIS e e 200 400 600 800 1000 1200 1400 1600 1800 2000
f_g 1§_ _E m,, [GeV]
107 E
a : — More likely to find an excess
107 E .
= : anywhere in the range, rather
10° = = than in a predefined location
= _ A 3
- ¥s=13TeV, 321 1 = Look-elsewhere effect (LEE)
= A0 e Spin-0 Selection
10—5_...I...I...I...I...I...I...I...I...I...I.._
200 400 00 800 1000 1200 1400 1600 1800 2000
m, [GeV]
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Global Significance

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

Global > pg!‘obﬂf = ]‘ o (]'_lphaufﬂf)ﬂfT ~ N pfoca! R — Local
p-value p-value

Trials factor

= Pgiobal ? Plocal = Zgiobal < Ziocar — 9l00Al fluCtuation more likely = less significant

22
Trials factor : naively = # of independent infervals: N, = N
However this is usually wrong — more on this later

__scan range
mdep  peak width

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

ATLAS f5=13TaV, 367 ia”' Spin-0 Selaction

— Depends on the scanned parameter ranges 7 10
€.9. X—Yy: 200 <m,< 2000 GeV, 0 < T, < 10% m,. 5

6

o
Local B, Ia]

— However what comes out of the usual
asymptofic formulas is P, -

4
2
i

I
500 1000 1500 2000 2500
my [GeV]

How to compute Pgiobal ? — Toys (brufe force) or asymptotic formulas.
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Global Significance from Toy

* Data

—— Background-only fit

Events / 20 GeV

Spin-0 Selection _
s =13TeV, 321" 3

Local 3.9G

Principle: repeat the analysis in toy data: \ : ‘ ”

— generate pseudo-dataset 10 ~—
— perform the search, scanning over parameters - S E
as in the datfa l 134

— report the largest significance found -?Eil\“.km T

— repeat many times 00 400" 600 B0 1000 1200 146500 fato 2600

Data - fitted background

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

e.g. X=yySearch:Z =390 (=p__, ~510%,

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

local

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

= Pgopa ~ 2 102, £, = 2.10 Less exciting, and befter indicafion of frue Z!

@ Exact treatment

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

global
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Global Significance from Asymptotics

Principle: approximate the global p-value in the asympfofic limif

— reference paper: Gross & Vitells, EPJ.C70:525-530,2010 N. . = Scanrange
indep *
peak width

Asymptotic trials factor (1 POD): N =1 + E N.

»\ ) indep Z

trials local

— Trials factoris nof just N, > 10*
Indep 2 NTLAS 1 1 1 1 1 1 1
also dependsonZ, | S . k% & & a2 2 DFa Loy
p local E 10° N : : : : B.{ckgmhnd-orily fit : 35
Why 2 PoeciNG 1§ ShoSpeaicn 1%
. . : 1 1 1 1 ] -1 1 | I
- slice scan range info N, ., regions N fsri3tev.aem’s . E
of size ~ peak width LN R
— search for a peak in each region e Ahestit e ‘: N: ' =
, T - - N e
= Indeed gives N, =N . A O N T SO O SO NS E
- - R
. . o E) 100 . . . . . ] ] ] _;
However this misses peaks sitting on g sl | ' YT P R R R
edges befween regions g o ! 1% 0 R e b
. LR
= frue quls IS > deep! 200 400 600 800 1000 1200 1400 1600 1800 2000

m,, [GeV]



Global Significance from Asymptotics

Principle: approximate the global p-value in The asymptofic limit

— reference paper: Gross & Vitells, EPJ.C70:525-530,2010 N.. = Scanrange
e peak width
Asymptotic trials factor (1 POI): — T
ymp ( ) N trials — L+ \l.' 9 N; indep v/ local
— Trials factoris not just N . > 10°
[ & Eamas bl dipmat
also dependsonZ,__ ! s .k + & & 3 tibaal T T 7
oca P 10 : : : : Backbmund -only Ilt =
Why [{ E 102 i E E i’:ipln qSeleplun g E _:Ei
. . : 1 1 _ 1 1
— slice scan range into N, ., regions i we=mTedbs2’ 1 ¢
of size ~ peak width Py 1o 11 E
— search for a peak in each region = a1 * : :| :" P
) 107" " " " 1 1 1 . " -:;
= Indeed gives N, , =N_ .. ) TR T U TUUS TUUE TR oy rut=
3 15 A R R
S L g 10 T
However this misses peaks sifting on g s : T T T R
edges between regions L : SR
) -5 '- ] ] ] ] L=
oo pl R
= frue Nmms IS > deep 500" 400 600 800 1000 1200 1400 16001800 200¢

m,, [GeV]



Illustrative Example (1)

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

150

Predefined

110
100
90
80
70
60

50+

S B |

hig

NS

Slices

5t excess in predefined slices

sk

O 1

Lc::fges1

| excess anywhere

0

IIIIIIltlllllllllillIIiIIIIiIIIIEIIII IIIIJIIII
01 02 03 04 05 06 07 08 09 1
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Illustrative Example (2)

Very different results if the excess is near a boundary :

150
140
130
120
110
100

90%
80

70
600

50IIIIiIIIIEIIIlilIIIiIIIIiIIIIiIIIIiIIIIEIIIIEIIII
0 01 02 03 04 05 06 0.7 08 09 1

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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Illustrative Example (3)

: : 580 ’
0.007; Normgllzgd | 27t search (\)\é?
0.006 Z, . distribution L 200 i
L ‘-'_E B D g 53,
0.005- = : ¥
: "60-
0.()()4:_— Zlocql n
0.003- o0
0.()()2; ) 40
0.001- nl m
: 30-
% R — - ] Search in predefined
~n B 201— - i .
5 - . bins: N, .= 10
© 8 A - 10— e
4:_ ’_-"i--‘/_;; 0;':||||||||||||||||||||||||||||
i R4 0 1 2 3 4 5 6
o ' /’K Local Z
2r
j— Search everywhere Searching everywhere gives the
1
e Search in predefined bins extra Z _, dependence
% - S
Local Z
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Zc100a) ASymptotics Extrapolation

Asympitotic trials factor (1 POI): Ny ,.=1+ \% Nindep Ziocal
How to get N, .., ? Usually work with a slightly different formula:

Z!m:u.' z:sr

2

N _1+7<N Eesl‘

))e
plocal
r_ Number of excesses withZ > Z

— Get N From foys ? but highZ__, = many toys needed

trials

test

= calibrate for small Z,__, apply result to higher Z

test? local®

Can choose arbitrarily small Z

test

= Many excesses
= can measure N in dafa (1 “foy”)

Ys=13 Tev,3.2f"

MNWA
S Spin-0 Selection

Can also measure <Nup> in mulfiple toys

if large staft uncertainty from
foo few excesses

] W -
10 200 400 BOD BDU 10{)0 12{10 1400 16011 1800 2000
m, [GeV]

45



Trials factor

Trials facfor N = # of independent searches:

p-value

Trials factor

Naively, one could expect

2D

te __ scan range
Ntrials — N

mder " peak width

However this is usually wrong !

Events / 20 GeV

Data - fitted background

Global — pg!obaf =1- (1_pfocaf)N ~ N Piocal — Local

p-value
10“§| N BN AN REUNE RS REMEI REMNE REUNE M=
E ATLAQ ] ] 1 ] 1 ] [ -
1 [ 1 i t Data g i [
107 X 1 [ ] [] 1 ] 1 o —
£ 1 1 § —1 Backgrognd-omly fit ¢ =
C | [ ] | ] L] | L] | ] | ] ]
107 — ] 1 5 Spin-0 Selectian  n |
E ] 1 | 1 ] LI =
= 1 o8 {se13Ev.3efb’'s m =
| L] [ ] | ] L] | L] | ] | ]
0= PR 1 1 1 " =
= 1 ] 1 1 1 i =
=~ 1 | [ ] L] | L] | ] | ] -
11 ] 1 ] 1 ] -
Eon ] 1 | ] 1 | | -
gl | ] 1 ] 1 1 ] [
I | ] 1 | 1 ] | |
10—% 1 ] 1 ] 1 ] 1 =
:I 1 Il II I. II Il II I. 1 -
2.0 RN REELN DN DML MEMELE BEMELE REMELU BN R
155] 1 1 i 1 1 1 i =
H ] [ (] 1 ] 1 (] (=
10 B " " 1 5§ =
s5H :+ [ 1 [] 1 [ -
g ] 1 ] 1 (] [
0
! (] 1 ] 1 (] (]
5§ I T T T T -
1081 | 1 1 1 | | —
i ] .. 1 ] 1 n [

200 400 600 800 1000 1200 1400 1600

1800 2000
m,, [GeV]
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Frequentist vs. Bayesian

All methods described so far are frequentist

+ Probabilities (p-values) refer to outcomes B
if the experiment were repeated identically -
many times -

« Parameters value are fixed but unknown

*  Probabilities apply 1o measurements: 7
- “my=125.09 £ 0.24 GeV” : M- J* W'+0
— [.e. [125.09 — 0.24 ; 125.09 + 0.24 | GeV has p=68% to contain the true m,,.

— if we repeated the experiment many fimes, we would get different
Intervals, 68% of which would contain the tfrue m,,.

— “5o Higgs discovery”
- if there is really no Higgs. such fluctuations observed in 3.107 of experiments

Not exactly the crucial question — what we would really 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)
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Frequentist vs. Bayesian

. same as in the frequentist
Can use Bayes’ theorem 1o address this: formalism (=likelihood)

"

P(data|p) p(p) «— Prior Probability
P (data)

P(p|data) =

irrelevant normalization factor

Can computfe P(u | data), if we provide P(u)
— Implicifly, we have now made J info a random variable

— Ism,, or the presence of H(125), randomly chosen ?

— In fact, different definition of p: degree of belief, not from frequencies,
— P(u) Prior degree of belief — crifical ingredient in the compufation

"Bayesians address the questions everyone
is inferested in by using assumptions that no
one believes. Frequentist use impeccable
logic o deal with an issue that is of no
interest fo anyone.” - Louis Lyons

Compared to frequentist PLR:
® answers the “right” question
e answer depends on the prior
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Bayesian methods

Probability distribution (= likelihood) : same form as frequentist case, but

P(8) constraints now priors for the systematics NPs, P(8)
not auxiliary measurements P(6™ss; 6)

@ Simply infegrafe them out, no need for profiing:  pP(u) = _|' P(n,0) do
— Use probability distribution P(ju) directly for limifs, Credibili‘ry intervals
e.g. define 68% CL ("Credibility Level”) inferval (A, B) by: J' P(u
© No simple way 1o test for discovery

e Infegration over NPs can be CPU-infensive

)du = 68 %

Priors : most analyses sfill using flat priors in the analysis variable(s)
= Parameterization-dependent: if flat in oxB , then not flat in k...
— Can use the Jeffreys’ or reference priors, but difficult in practice

Frequentist-Bayesian Hybrid methods (" Cousins-Highland™)
- Infegrate ouf NPs as in Bayesian measurements
« Once only PQOls left, Use P(data | u) in a frequentist way

— "Bayesian NPs, frequentist POIs”

« Some use in Run 1, now phased out in favor of frequentist PLIR.
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Frequentists method: CL. computation

Gaussian counting with systematic on background:n=3S +B + o 8

L(n;S,0) = G(n;S+B+0_,0,0,,) G(6,.=0;60,1)
MLE: $§ = n—B
2
A o, » PLR:A(S)=[-2B—n
Conditional MLE: 8(S) = ' —(n - 5—B) Jol +o°
o +0 stat syst
stat syst

Gaussian = from previous studies, CL, imit is

CL.: s&“=n-B+|®'|1-0050 ';_B —| || Volutol

“/Ustat*—csyst
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Bayesian method: Bayesian limit

Gaussian counting with systematic on background: n=S+B +0_ 0
P(nls’e): (" S+B+Os;st9 Gstat)G(B|0’1)

Bayesian: G(B) is acfually a prior on 8 = perform integral (marginalization)

P(n|S)= G(S; n—B, Yo’ +0>,) same effect as profiling!

Need P(S|n) = a prior for S — fake flat PDF overS>0 %

0.35
= Truncate Gaussian at $=0: P(S|n)=P(n|S) P(S) o3

~1 0.25}
P(S|n) = G(S;n—B,Jolu+ol,) nl 2

Jﬁstat

0.15;
0.1
0.05!

Bayesian Limit:

« S.,—(n—B - ) e N I
[P(s|n)ds=5%=|1-® “"2( e - Bz 8210 ®
5 \'Ustat-'-o'syst O st Usysl
Bayes __ -1 ,
Snp = n—B+ (D 1-10.05 (D l stat Usyst same FGSU”' as CLSI
stat+Uswst

87
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Bayesian methods

Example: W’ —=lv Search arXiv:1706.04786

* POIl: W oxB — use flat prior over [0, +oo.
* NPs: syst on signal € (6 NPs), bkg (6), lumi (1) — infegrate over Gaussian priors

Trigger Multijet background
o - A i - e Lepton reconstruction Top extrapolation
§ 10 ATLAS — W' (3 TeV) « Data and identification Diboson extrapolation
O 46l Vs=13TeV, 361" —W (@Tev) [IW Leptan momentium PDF choice for DY
W' — ev selection — W (5 TeV) 51-0'3 quark Zf“.lc and cholunuz l PDF variation for DY
5 Multijet ' resolution and scale .
10 0Oz T EW corrections for DY
10t [ Diboson Pile-up Luminosity
-1 03 E 10 LI B R L LA AL N I L B R T §
= ATLAS 3
2 = — - E ted limit 7]
10 % Vs =13 TeV, 36.1 fo! xpected Imt 5
10 = 1 W' — v . Expected + 16 =
1 % 95% CL Expected + 2¢ E
* 107" imit =
» — — Observed limit 3
10 = W .
SSM 1
g 13 60" E
£ o :
‘ 107°
o _ 14
2212
£e 88 107
] . . L | L. 1 N e
200 300 7000 2000 1 2 3 4 ?n [Tev?
Transverse mass [GeV] W'



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

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

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

* LEE : searches typically cover multiple o Global 2.10, p, =2E2
iIndependent regions -~ ATLAS ]
= Global p-value is the relevant one

* Data

—— Background-only fit

Events / 20 GeV

Spin-0 Selection _
s =13 TeV, 321" E

N, ~ 1000 :local 56 « O(10) more reasonable "™
+ Mismodeled systematics: factor 2 error in M ‘ ”
syst-dominated analysis = factor 2 erroron Z... 101

* History: 30 and 4o excesses do occur regularly,
for the reasons above

* “Subconscious Bayes Factor” : p-value should be . = 5
af least as small as the subjective p(S): 200" 400600 " abo 100 200 400" i o 2000

m,, [GeV]

Data - fitted backgraund

Exfraordinary claims require exfraodinary evidence
= Stay with 50...
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Reparametrisation

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

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

e.g. Higgs couplings: O .. 0,4 sensifive fo Higgs coupling modifiers k, . K.

f T VBF
O, r quF(KV, Kp)
L(o, . .,0us) > L(o,p(%y,%r),0ue(Ky,%)) =L'(Ky,%,)
ggF ? =~ VBF , ggF Vs ™F)s»*~ VBF VeaBFJ)) = Vy B F
GVBF_)OVBF[KV’KF.) ‘
3 : T T | T 1 T I L | T 1 1 | LLELL | LU | T T 1 | LI T g— 2_5_| T | L | L L | LI | LB | UL L | LI | LI B | T I_
& 401" — Combined 68% CL ATLAS Preliminary % SMprediction ATLAS Preliminary
. o _ _q = | i |
bg 35 :_ «=«==: Combined 95% CL '{g =13 Tevg 36.1fb 3 B L Best fit E =13 TEV, 36.1 'b-‘l ]
e H %% CL * - | i % 1
- —yy 68% C H—yy and H—Z22" -4l ] 2_ Combined 68% CL Hesyy and Ho2Z" 4l
30 =reem H—ZZ*—4] 68% CL m, =125.09 GeV, |y |<25 o [ ceeeees Combined 95% CL
o . H 3 B my, = 125.09 GeV i
o5 + Bestt T e H—>yy 68% CcL
~ [ sM prediction ] {5l s HoZZ 541 68%CL .o _
20 ; - L R v, ]
10 o SRR + 3 1_— B ]
10— R - E"- e, — L .-":' + i
5:_ "'rl'u"“"“::.'..',.-,n-.-u'.v_‘--- "-’_'"._,1: ‘‘‘‘ : —: B . e B
- sM ] 0-5¢ .
C 1 1 | 1 1 ] I 1 1 ] 1 I 1 1 ] | 1 1 1 ] | 1 ] 1 1 | 1 ] 1 1 | 1 1 ] 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 | 1 1
10 20 30 40 50 60 70 80 0.7 0.8 0.9 1 1.1 1.2 1.3 1.4
o-ggF [pb] KV
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Reparametrisation: Limits

» . = = 10° 12.9 fb' (13 TeV)
- ~ F I I J I I I =
Reparameterization: Limits 2 Foms ;
_S L ]
_6 ‘t;rv»”"',""" -
CMS Run 2 Monophoton Search: measured B 102 -
N. in a counting experiment reparameterized 8 = ]
s o
5 | n
according to various DM models I — |
10 £ e n=3, Theory LO —— Observed 3
E ----- Median expected - 68% expected E
10 12.91b" (13 TeV 95% expected :
C\'|_‘ L T T T | 5 LR T T T L || T T T T T T I l ; I i l
E 10_2; cMs = 83“5/%3'}; '2 Sk 19000 1500 2000 2500 3000
=10 o — PandaX-li Mp [GeV]
o 10 — LUX 2016
% 10°% 12.9fb ' (13 TeV)
310—38 \ ;500£‘---""|H--'-'-'|"'-'-'--|-'-"""|"""'i i -
i _39 @ - CMS 5 =
10 N ¢ 450F 1 11028
O 10_40 — T Vector, Dirac, g9,= 0.25, I = 1 & - 10°0
N \ g 4005 —— Observed o= 1 = qa)
510" g = ... Theoretical uncertainty 4 o
o) 10742 350E __ Median expected u_ = 1 = 8
10_43 300 z_ c--» 68% expected 3% _E — 10
10“12 250 =
10 E =
18‘46 2005 =™
1047 Vector, Dirac, g, =0.25, g, =1 150F = N
10°%8 Observed 90% CL 100F =
T R I Median expected 90% CL 50 E S
—-50 L Lol | Lol | L E
10 10 107 o

Moy [GeV] M, ., [GeV]
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Presentation of results

— Cannoft fest 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.

5 Ys=13 TeV, 36.1 fb”'
ATLAS Preliminary =, ‘m 12500 Gev
H

ATLAS Preliminary

{s=13TeV, 36.1 fb”

ogH (0 jet) — P I

ggH (1 jet, pl) <60 GeV) —

Q0K (1 B B0 5 67 < 120GeV) | 016 H = yy, m =125.09 GeV
ggH (1 jet, 80 = p/ < 120 GeV) —o—-— 00M (1) 120507 <20GeV) | 013 022
ggH (1 jet, 120 = p < 200 GeV] | aMi=2je0 | 014 047 -0
ogH (2 2Jet) — aq -~ Haq (p, <200GeV) | 007  0.00
: 9gH + g3 - Hoq (BSALIK) | 006 -0.08
g — Haa (p <200 GeV) — ——

QM -qa — Mg (BSAVike) | 000 -0.07

ggH + ag —~ Haq (BSM-ike)

VH(lepiorc) | <002  0.01

VH (leptonic)
o | 0.00 -0.05 X 1 z
: T s 3 5 g T g o
o —— L T3 33 §£3§:3§°

U iedlvy oyl By Loppe gl : & & g * 2 é é B

SMpdicion 05 0 05 1 15 2 25 v & + B 2 5 § £
Measured o x BR normalized to SM : s 8 E L1
B oz s S
= ki gz &

83

Non-Gaussian case: no simple method
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Conclusions

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

« Allow o

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

— make optimal use of available information

* Implemented in sfandard RooFit/RooStat toolkits within the ROOT
framework, as well as other fools (BAT)

« Still many open questions and areas that could use improvement
— e.g. how to present results with all available informatfion
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