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2robablity and Statstcs In Partcle Fhysics [Hargcover)

STATISTICAL
DATA
ANALYSIS

Statitical Methods n

Experimental Phywics
pe

PROBABILITY AND
STATISTICS
IN PARTICLE PHYSICS

Jeed ¥ Hrnns

Statistics miniworkshop

chaired by Louls Lyans (Imperial Colege-Unknown-Unknown)

from Wednesday, 13 February 2013 at 08:00 to Thursday, 14 Febru
=t CERN

Description VAT WIF FAVE LEARKNT FRION THE (47 HIGGS SFARCHT
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http://www.amazon.com/books/dp/0198501552
http://www.amazon.com/Statistics-Nuclear-Particle-Physicists-Louis/dp/0521379342/ref=sr_1_1?s=books&ie=UTF8&qid=1375444428&sr=1-1&keywords=lyons+statistics
http://pdg.lbl.gov/2013/reviews/contents_sports.html
https://indico.cern.ch/conferenceDisplay.py?confId=233551
http://books.google.se/books/about/Statistical_Methods_in_Experimental_Phys.html?id=QbBm2VhV5TQC&redir_esc=y
http://user.pa.msu.edu/linnemann/public/milagro/froedeson.pdf

2 main approaches

o Bayesian - probability(theoryldata) ~ p(6|x)
- well-defined accounting for beliefs
- prior-probability for the theory must be given
- prior-dependence should be studied

@ Frequentist/classical - probability(dataltheory) p(gj‘@)
- says nothing about probability of theory
- typically used in HEP fo report experimental
results “objectively” (as possible)
- can lead to subset of individual results which are
obviously wrong but consistent with methodology

Oslo Winter School 2018 4 A. Read, U. Oslo



Bayesian credible

P(A|B) = P(B\A)i(—gi intervals

L(x|0)n(6) Posterior density

pOlz) = [L(z]0")m(0") d’ for parameter

Marginalizing nuisance
parameters (e.g. data-driven
backgrounds, systematics)

, Minimum interval
up I '
Highest densit
/ p(f|z) Interval: Physical boundry (e.g.
m20)

910

Oslo Winter School 2018 5 A. Read, U. Oslo



Confidence intervals
(Neyman construction)

x,(0),0,(x) T —

<l
|
8 .
@
s
B,

51 x,0)

Possible experimental values x

IFFigure 36.3: Construction of the confidence belt (see text).
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Confidence intervals
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Confidence intervals
(Neyman construction)
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Exam question (Bob Cousins)

For most of (his talk!, [ assume familiarity with the ‘required reading’ for this workshop. But first, lel's
review (he root of the problern as 1 oflen explain il (o students. (Lmagine &n oral exam.)
Supposc you have & particle 1D detector. You take it to a test beam and measure:
¢ P(counter says 7 | particle is 7) = 90%
¢ P{counter says not = particle is 7) = 10%
o P(counter says 7 | parlicle 18 not 7) = 1%
¢ P(counter says not #  particle is not 7) = 99%

I'hen you put Lhe delector in your experiment. You selecl tracks which the detector says are pions.,
Question: What fraction of thesc tracks arc pions?

@ Related question:

Oslo Winter School 2018 7 A. Read, U. Oslo



Bayes vs. freq.

@ In many data-dominated situations hardly any difference in
reported results, eg. Mz=91.187610.0021 GeV

@ But inferp. not the same!
Which is B and which is F?
1) P(IMZ-91.1876|<0.0021)=68%
2) 68% of such intervals contain the true Mz

@ Small data samples, physical boundries typically lead to
differences

@ Doing both analyses and studying the differences can give
insights

Oslo Winter School 2018 8 A. Read, U. Oslo



Various likelihoods

L(n|u) = Poisson, counting (no background)

e~ (ps+b) (s + )" Counting, known bkg

L(n|ps +b) =

L(n,mlus+b,7) = Counting “on/off”

)
1 _ (z—=zq)?

L(z|xg,0) = SR

) Gaussian

Likelihood ratio of
marked Poissons in
combined channels

Oslo Winter School 2018 9 A. Read, U. Oslo



Maximum likelihood

@ Ideal estimators of parameters are unbiased and efficient
(minimum variance). Not always simultaneously achievable, e.g,

1 1
£ il '_—2 2L o '_—2
7 _sz S _N—lz i)

@ Maximum likelihood (for convenience minimize -In(L) or even
-2In(L)) is approximately unbiased, efficient for large data
samples and widely applicable.

@ Wald showed that for a single parameter 4
~2InA(w) = (=5 b2 | o(1/vV)
@ Wilks showed that if ,LL is Gauss-distributed about [l then
BONON 1=

Oslo Winter School 2018 10 A. Read, U. Oslo



l1-sided p-values in large-sample limit

Double_t Pvalue(Double_t significance) {
return ROOT::Math::chisquared_cdf_c(pow(significance,2),1)/2;

Na AXZ %P(XZ > c)
0,159
2.3x10-2
1.3x10-3
3.2x10-5
2.9x10-7

Oslo Winter School 2018 11 A. Read, U. Oslo



Brief (1) history of limits

@ O. Helene (1983) - Bayesian limit with flat
prior on signal

@ G. Zech (1988) - frequentist
interpretfation of Helene

@ A. Read (1997) - rederived Zech from
likelihood ratio and “background
conditioning”; CLs = “confidence in the
signal-only hypothesis”

@ Feldman and Cousins (1998) - auto 2-sided
frequentist confidence infervals -
“coverage is king” (but tests
signal+background hypothesis)

@ Birnbaum (1961!!) - support for
CLs in the professional statistics literature
- rediscovered by O. Vitells

“A concept of statistical evidence is not plausible unless it Finds
strong evidence for H2 as against =1 with small prebability (alphaz)
@ Article links 1, 2, 3 When H1 is true, and with much larger probability (1 -betza) when

/ /

H2 s true”

Oslo Winter School 2018 12 A. Read, U. Oslo



http://www.sciencedirect.com/science/article/pii/016890028990795X
http://prd.aps.org/abstract/PRD/v57/i7/p3873_1
http://www.jstor.org/discover/10.2307/2237753?uid=3738984&uid=2&uid=4&sid=21102527870823
http://www.jstor.org/discover/10.2307/2281640?uid=3738984&uid=2&uid=4&sid=21102527870823
http://www.jstor.org/discover/10.2307/20115210?uid=3738984&uid=2129&uid=2&uid=70&uid=4&sid=21102527870823

Origins of CLs

@ Almost background-less Higgs searches
at LEP1, many different statistical
treatments, combination not obvious,
LEP2 data was coming

‘E"‘
-
&
c
X
E
=
z
-
=
i

@ I proposed simple LR, frequentist
approach, CLs invented to deal robustly
with deficits, combination simply adding
channels to LR, exclusion with CL;,
discovery with CLy, never got fo ML for
measurement

@ Cousins&Highland (hybrid Bayes-
frequentist treatment) for (generally
small) systematics

Oslo Winter School 2018 13 A. Read, U. Oslo


http://iopscience.iop.org/0954-3899/28/10/313/
http://www.sciencedirect.com/science/article/pii/0168900292907945
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http://delphiwww.cern.ch/pubxx/delnote/public/
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http://iopscience.iop.org/0954-3899/28/10/313/

Straightforward LR combination

@ Natural combination of channels, extension to
discriminant (or counting) per channel

@ Learned later Obraztsov (DELPHI 1992), L3 people
proposed similar likelihood but Bayes-like integration
of likelihood (implicit uniform prior).

@ At LEP eventually 4 experiments, O(10) center of mass
energies, O(8) search topologies/channels combined

o v ™ s
H",’ 3:;:3 \-.C:J:'*'L'! H; l-‘l:l_. :
g=1 2. 4/

-’.+'-'.'
"; { oo \
l_[l—l B‘i'_.;‘!""l
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http://www.sciencedirect.com/science/article/pii/016890029290925T

LR from LEP to Tevatron to LHC

Test statistic

Oslo Winter School 2018

Nuisance
paramefters
in LR
Fixed by MC

Profiled

Profiled
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Randomized
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Nuisance
parameters

Nuisance
parameters

External
constraints

Sampling of
test statistic

Hybrid
Bayes-
frequentist

Hybrid
Bayes-
frequentist

Frequentist
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Profile likelihood (MINUIT)

lanl.arXiv.org > physics > arXiv:physics /0403059

Physics > Data Analysis, Statistics and Probability

Limits and Confidence Intervals in the Presence of
Nuisance Parameters

Wolfgang A. Rolke, Angel M. Lopez, Jan Conrad
(Submitted on 9 Mar 2004 (v1), last revised 19 Jan 2009 (this version, v5))

We study the frequentist properties of confidence intervals computed by the method
known to statisticians as the Profile Likelihood. It is seen that the coverage of these
intervals is surprisingly good over a wide range of possible parameter values for
important classes of problems, in particular whenever there are additional nuisance

parameters with statistical or systematic errors. Programs are available for calculating
these intervals.

Oslo Winter School 2018 18 A. Read, U. Oslo


http://xxx.lanl.gov/abs/physics/0403059

Curiousity: PL considered at LEP times
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@ I abandoned it to avoid 2-sided intfervals
(Feldman&Cousins!) - dont want to exclude if there is

a nice fat excess!

2In A(p) <
@ 710 years later CCGV elegant solution: [l {..

JL >
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http://arxiv.org/pdf/1007.1727v2.pdf

Profile likelihood ratio: CL, and ws%
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Profile likelihood ratio: CL, and ws%
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Profile likelihood ratio: CL, and ws%
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Profile likelihood ratio: CL, and ws%
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Profile likelihood ratio: CL, and wus!
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Profile likelihood ratio: p, and n

LHCHCG Combination Procedures
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Profile likelihood ratio: p, and n
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Profile likelihood ratio: p, and n

LHCHCG Combination Procedures
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Profile likelihood ratio: p, and n
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2011-163/

QLer (Qrev W/0 nuisances)

} dLEP/TeV = qu — 40

Oslo Winter School 2018 23 A. Read, U. Oslo



Importance of nuisance parameters

o nckzaton
Delta VBF

. 8 _ u;;cl;.-:.r R " E 2 ¥
; *?;mlmtyt selection P“"""Jt’-7'ell'§.gevm"‘ll .

statistical

i :eventsm@SSm
: reglqg o0 SHiggs ¥ uncertainties:

§° <mall
a g"’h >
'CIJ

; ‘Bamma |‘- »
Qs ¢ required
= analysis x agétgiuatcd defined sred

ted = 3] descri
dlslnbutglpitvew o Ofbielgn . : Section : ralfeta 4

| functon 5 ( .
shewin w decys : e @ invariant
eXCass B

O
@ background, uncertainty, uncertainties

among most frequent words in ATLAS Higgs
boson discovery paper

nal
(ﬁ
bos@n

tl' a“g_s! /eI

electrons

=
(48]
e
-
Q
Q
-

bed® G/

ﬂ
2
: .
[ F

L
(&
ale

y
"
=
-
b
LK

Ly
-
-

J
channe

estimated

Oslo Winter School 2018 24 A. Read, U. Oslo



Parameterized signal and/or background
models

e.g. ATLAS H->yy search

25



9 categories of unbinned likelihood

Parameterized
signal model
from fits to

MC
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Various terms in L

L per event in
a category
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Distinguish signal from spurious signal
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Model tests (on MC)

@ 9 categories
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Flitec spurious :mpllmc;:a \!? 6 NO CPU .I-ime FOI" FU“
(eum wp o e A.-imor.:.mi — S

Riozldual nfegretod tn 13 GeV blns SimUIG'l'ion

Ftted spurianis ame plitnde , — )

tatoys (witk point 2ot | \ Nexidual (MO-#%) | ZX5 ot Jaimos o l ..7931-\' Bl

IS=-aall o 3 MC generators, don't
expect them to perfectly
reproduce the background

data

@ Select parameterizations
which can incorporate shape
uncertainty in unconstrained
nuisance parameters without
producing false signals
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BG model selection

Faaction | 5070 0 e the ceaonental Sunatian
Lar Ge\™ !
AT ‘3,25

- F ' \

47 {183 4 (10 230l 0TS , , .
whave & and § were the Lited davameser: - the noraalizatios and slope of
21717 18 [.2) 13 (1) . . g i the cxpenental, vesporswyy,

cEAe | - ad s L ,
the exvenencsl seovnumial of veder o jonders 2 aonl 3 were wsed)

Fvp 4017) Al [ RLIRRS SR 1A
. R
Dpulyz 2.2 A LEn e . 3.25]
Epelyd 16 122) e ' ' whare 5, weev the fimred anrawerews, Nate that rhe Tanwes + 4= nat an index,
[Pa— e 1 bt the pewar w13 wadscd o The rarmaticsan, N, 1a desecbed e <he
flvar wrew, 5

Boerd 15 122

Lxp 19 ¢2.C) 7.2 109 . ‘ ‘ the Buermsein pulyvnoezisl ol srder n jonders 57 weoe ased)

Exp 4.4 (123! B 18 34113
181117 A 10 117)

car (1) W as) X Ix)

KR V] S U
5.8 1221 26 122)
GO Lyl
-3 7119 2 [22)

A R W)

A% 7] {550

-1C {120 1721500

3219 | -size =305y
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Residual (unknown!) bias:
Spurious signal term in likelihood

" Harder todiscover

£ o

:u,; Vrcegmand & apar wigen
Harder to

, exclude

&hearpa, Berr sta =<, GIFT
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Nuisance parameters

CMSonimrarn s=7TeY. L=510"Js=3%V L= 960"

o NPs broaden the likelihood [N ESCEREE
profile for the parameter '
of interest
O P
O
0o
b5 2 2
o PR V)
1 1 0% y? 0% o2
O-_/% o 5 (9,&2 I[:\[, s ’]’L)S =
ou =02+ 02
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Nuisance parameters

® Parameters fitted directly to the
data but no real interest

ATLAS
Js=7TeV: [Ldt=4.81b"

¢ Data B
— Z+tjets and tt

Events/4 GeV

@ E.g. parametric background; =iwo|
both shape and normalization
uncertainty

® Parameters from external
estimates that incorporate

. S ¥ 5 ATLAS Mt 575 Vimgtond
systematic uncertainty N S oo
T ‘ \ wememeee |39 WD 00 AT DTS
@ E.g lumlnosﬂ.ry, signal theory, T s
mass resolution, electron, muon B i il

and jet energy scales
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Constraining nuisance parameters with data

@ In the profile likelihood priors are implemented as constraints
with external pseudo-measurements (which in many but not
all cases are real measurements).

L(data| u.8) = Poisson(data | us(8) + h(O))x p(A16)

Sig=a! regian main maasuremrst Cogg)czillir:gion
@ If signal and background are ambiguous (e.g. counting
events) the constraints (e.g. prior on the background) may
break the ambiguity but uncertainty is governed by the

constraint/prior.

@ If there is a contraint/prior but the signal and background
are NOT ambiguous (e.g. there is a mass or ionization
distribution which partially discriminates between them) the
uncertainty is reduced by the information (via the fit) in the
data.
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https://indico.cern.ch/getFile.py/access?contribId=8&resId=2&materialId=slides&confId=233551

Shape systematics

@ Dont always have parameterized shape

@ Interpolate between templates
(interpolation distance is nuisance
parameter)

, @ Various interpolation strategies in
Linear interpolation of histograms ROOT, tradeoff between speed and
SR _— accuracy (and sometimes unintended

w iveisly A Uk, Loxaling oo Phive i, KU, Boe T8, Hade

U MU UL TO, DS BR800 B 11 73, uw e Cias or L TE Consequences)
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MC statisics

@ In HEP the simulations tend to be computationally
expensive - limited MC statistics is sometimes a real
Issue.

@ Put a Poisson term (nuisance) on each bin. The
higher the MC stats the more this will constrain
the shape to the predicted shape. If the statistics
are poor the data will constrain the background
shape at the cost of reduced sensitivity to ’rhe

signal (i.e. higher uncertainty). x

COMPUTER PHYSICS
COMMUNICATIONS

—— e —

@ Usually based on Barlow-Beeston:

Fitting using finite Monte Carlo samples

Roger Barlow &  Christine Beeston

Department of Physics, Manchester University, Manchester M13 SPL, UK

http://dx.doi.org/10.1016/0010-4655(93)90005-W, How to Cite or Link Using DOI
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AA - Asymptotics and Asimov dataset

Saarck

arXiv.org > physics > arxXiv:1007.1727 -

Physics > Data Analysis, Statistics and Probability

Asymptotic formulae for likelihood-based tests of
new physics

Clen Cowan, Ky'e Cranmer, E/lam Gross, Ofer Vitel's

(Submitted an 10 Jul 26100 (vi,, last revised 3 Oct 20110 (this version, v/Z2))

We describe likelihood-based statistica tests for use in high energy physics for the
discovery of new phenomena anc for construction of confidence intervals on model
parameters. We focus on the propert es of the test procedures that allow one to account for
systematic uncerta nties. Explicit formulae “or the asymptot c distributions of test statistics
are derived using rasults of Wilks and Wald. 'We motivaze and justify the use of a
rapresentative data set, called the "Asimov daza set", whick p-ovides a simple method to
ubtain the median experimental sensitivity of a search or measurement as well as
flucruations annur rhis expecration.

Subjects: Data Analysis, Statistics and Probability (physics.data-an), High Enzryy Physics -
Cxperiment (hep-ex)

Journal reference: Eur.Phys.).C71:1554,2011
cal 10.1140/epjc/s1C052-011-1554-C
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http://arxiv.org/abs/1007.1727

AA - Asymptotics and Asimov dataset

(92 In LA

T 060,00,

Compact formulae for
both observed results

and expectations (including
fluctuation bands)
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Curiosity: Precursor to Asimov dataset in LEP
(DELPHI) Higgs combination code

SLBROUTINE 2EAGltnom(s)

Compute the exgpected Likelihood Ratio for the combined counting and
invariant mass (or other discrimingting varicble) measurement exgerimen: ir
multiple channels. This cnly wo-ks for combirations where for each

chanrels the number of background and signal bins is irdentical. This

is fast and simple to compute and can serve &s a precise check

of Mcnte Ca-lo and semi-gnalytic ccmputations.

The expected -21nQ (Q is likelihood ratiol is computied both for
background-only and signél+background hypotheses.

10.12.99 Add tke RMS5 of the distritutions of -2WnQ for signal+background
and background-cnly experiments.

LR A S T

lrwt = 130(1. + sixhkaoprdx(i)/hi/fsigprdxii))
ngisb = -si + [si+bi)s1lrwt

lngib = 3i 1 bisvlrw o
av;21nq538 = ave2lngsbé + :nqisb D BU'I' unllke CCGV I"IO1'
avgzlngb3s avgzlngb8 + lngib X

possible to freat

r2lngisb = 4.%(si+bi)*1rwts*2
r2lngib = 4.%(  bi)*lrwtex2 nuisance Parame-l-ers
avarzlngsb8 = avgr2lnqsb8 + r2lngisb

avgrilngo>8 = avgr2lngb8 + rZlnqgib
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\I o NINERSITY OI ht', THHGAN Aus-:,C‘q PnR\‘SﬁUSTEF'

Caombination Details

o At first (ore cr two combinaticons), ATLAS resulis were fully based on toys
s As modsl grew, hese became impractical
- ~&870 nuisance parameters at time of discovery

- ~310 of thase are due to MC s afs, freatec Barlow-2eeston style

s ~~10-30 minutes per fit »20-6C minutes per toy
- O{millens) CPU hours 1o precuce full result

— 7 v —
—Ob‘:cl\'cd:‘;ymptoﬁ: |
««s« Expectod Azyrpiofic
= 20 Asymeotcte
[T = 10 seymptotc

= Dlmpenes | Fos=nbl-

- Ubzemnved zayae

-t
o

CMS Preliminany —o— CLs Dbserved
vuw 7 TeY S T L Evpectec (68

L=46481 Ls Expectec (95%

ATI AS
_dt=".03 24Ut

-

Sayesian Observed
7 TRy )

a 35% Cl

==

. CL limiton 0/0gy,

oL, Upoer | imit on I:u/us“)

T T -~
1 1

140 160 ‘ : i 200 300 400 500
Higgs boson mass (GeV)
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https://indico.cern.ch/getFile.py/access?contribId=4&resId=0&materialId=slides&confId=233551

Data-driven methods

@ HEP depends heavily on Monte Carlo calculations of
physics processes and detector response for both
signals (known and hypothetical) and backgrounds.

@ Sometime we just dont know and/or have reason
not to trust the MC results.

® Various data-driven methods used to estimate
background in signal region.

@ Fits (unbinned, many bins) with sidebands

@ Variations of “on-off”: ABCD, Matrix method,
fit to shapes derived from well-understood
(signal-free) control regions, ..
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Other data-driven methods (ABCD)
(Variations of on-off and sideband fits)

@ Known small backgrounds
(e.g. electroweak
processes):

K
HA B.C,D

@ Poorly known

(“*Unknown”)
backgrounds:

“Let's write down the likelihood function”

- . BRI
! Loy ng.neo,npl)s,fu) = 50 '
o Naively: 1. 13 "o Rpl) =ABOD
U —— - v
lu - TR RN
Y 2 At | f/’:ﬁ | ,I.L' TE
@ Correlations should be e+ p + 4Vro
accounted for as well... Iy + pfS — urgre
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“Matrix method”
(Variation of Bob Cousins’ homework problem)

@ Suppose you know you have only two particle species in
your sample and know how to tag them but dont know

the mixture (e.g. pions and electrons).

@ N = true number, C = Counted by experiment

nt e i ("real”) @ - r f Ny
T e G T \ TS — f AN,

et — gt f (" fake”)

et gl O T\ i 8 5 Cr
Ne>_<1—7“ 1—f> (Ce

@ Homework: reformulate as 2-bin maximum likelihood (note:
Nr. parameters=Nr. measurements - why is this “bad"?)
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Event selection
and
Multi-variate analysis
(often ML these days)

A



Selecting events

Supposc we have a data sample with two kinds of ¢vents,
corresponding to hypothescs H, and H, and we want to sclect
thosc of type H,.

Each event1s a poml in & space. Whal decision boundary
should we use Lo accepl/reject events as belonging Lo evenl

: >
lype [’

Probably slart
with cuts:

T; < G

~d

*LJ <~ Cj

G. Cowan - . .
RHUL Physics Statistical Issues for ATLAS Physics page 6




Other ways to select events

Or maybe use some other sort of decision boundary:

linear or nonlinear

'
X

accept

o _ ~ Likelihood ratio
How can we do this in an “optumal” way? Q=L(HO)/L(H1)
or approximation
G. Cowan case Of compleXi

RHUL Phvsics Statistical Issues for ATLAS Physics page




Neyman-Pearson lemma

"Exclude”

1'
Perturb 7 /-
contour

"Discover”

Q>Q
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Machine learning (wikipedia)

4 Approaches
4.1 Decision tree learning
4.2 Association rule learning
4.3 Artificial neural networks

| @ Worth understanding
4.4 Deep learning .
4.5 Inductive logic programming and Iearnlng to use

4.6 Support vector machines Boos']'ed Decision Tree
4.7 Clustering

4.8 Bayesian networks (BDT) i Frequenﬂy
4.9 Reinforcement learning used in HEP, re[aﬂvely
4.10 Representation learning :

fast and effective

4.11 Similarity and metric learning

4.12 Sparse dictionary learning

4.13 Genetic algorithms

4.14 Rule-based machine learning
4.14.1 Learning classifier systems
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https://en.wikipedia.org/wiki/Machine_learning

Look-elsewhere effect (LEE)

SPECIAL ARTICLE - TOOLS FOR EXPERIMENT AND THEORY

Eilarm Gross and Ofer Vitells

@ Rule of thumb for trials T Am ?
factor used before LHC 0

@ Eilam and Ofer discovered T
that trials factor grows with TF~1+ .\,’ §.N Z
significance Z (ROT ~OK for Z=3) "
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http://www.springerlink.com/content/tw01166x4175l336/

Look-elsewhere effect (LEE)

%
g
=
=
a
b
~
g
-
M
—

cglobal _ loeal AT (g —Qree) /2
Pp ~ py o+ < Ngres) > € ke

 Plg(h) > 2%) POE > 22)
TF = o |
Plam)> 28 ~ 1t N poe > 29)
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http://www.springerlink.com/content/tw01166x4175l336/
http://www.springerlink.com/content/tw01166x4175l336/

Fit to background toy

A RooPlot of "mes”

‘background only :

Everts/ (0.05)

- background + signal@0.

L/

e o]

U I’I.Illl Iql .

FARIITY FlANRDTY A MEETTTNINNNY ] BAALALARENEAALAREEEL

—9—

J 01 02 0.3 04 . 2. 0.7 2.8 0.9 1
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examples toy fits

woor
o

.IIVVYIIIY."'YV LA LS &

Fuaats (£ 05)
Frons I(O0K)
N b om o

"ll'l"”T" Y l'

e

N b ®

T PE T S SW . B

TR

(=]

D-_nvl'

=

'['_nnrnmlnn
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138 Mfts - it all checks out

Delta 2ZNLL for fitted gaussian versus background

dnll_float
Entres  1.37/7e+U8
Mean 2.419
RKMS 7.11

N

Extrapolations—

5 15 20 25

X
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Energy (mass) scale systematic
uncertainties

@ Local look-elsewhere effect EATLAS oo o
when combining channels with e
different energy (mass) scales,
e.g. electrons, photons, muons,
jets

2011-2012 Exp.
2011-2012 Oks.

@ Not accounted for in asymptotic

expressions, nor in the classical

look elsewhere effect @ Illustration: Imagine we had
(illegally!) aligned the red and blue

curves by hand before combining...

@ i.e. we dont yet use the Higgs
boson for detector calibration!!
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Example: 1 uncertain mass scale

3 crossings

Usual LEE

pﬁlobal ~ Imal+ < N (fhef) ~ e —(@—rcs ) /2

A - mass internal

. (u=gq=-2InAL)
- mass resolution

Local LEE

'//

2m0 ,,
Al

E[N,] < ]P’(,\ > u) + ANie _“/ﬂ/

Leadbetter (1965),

O. Vitells (2012)

P.S. Ofer, please publish your work!!
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Extrapolate ESS correction

g0 distribution

Oslo Winter School 2018

Entries

182798

n 0.8642

1.455

56

d

In practice, several energy
scales

Dont need O(10/po) fits to
MC toys to estimate tiny
effect!

Several nuisance
parameters, perform
empirical fit

0(0.16) effect around
Sofor ATLAS

A. Read, U. Oslo



What about Bayesian methodology

in LHC Higgs boson searches?

* Up to Moriond 2012, CMS produced limits
with three prescriptions, to check robustness.
— CLs using Toy MC e Al =
— CLs using asymptotics '

—UbEGrwec Asymptodc

ATLAS
~ ceee Expuciod Asy i piclic

Lx-104-480"

|+ 20 Asy 1 polic
15w 7 ToV "

B+ s Aqvnpantin

« Dbservec Essmrble

— Bayesian w/ flat prior

ClLlImitona'a
CL, Upper Limit on (a/o.,,) at ¥0% CL

S | SRR R
£FE 09z 1410 s m0s  ORETEEEEN
n = 111500 "

e - . , | . . .
200 900 4D0 500 Lip) = & / p(data|us + b) ge(0) m,(p) di

H PQG beson mass ':G:'V': i

o Limits, with flat prior, very consistent with [ w0
CLs limits derived in frequentist framework :

@ No serious attempt (yet) to quantify excess
at 125/6 GeV with Bayes factors

Oslo Winter School 2018 57 A. Read, U. Oslo



What about Bayesian methodology
in LHC Higgs boson searches?

. 1 o ‘ Has%C L )
Lip) = c /p(dal,u ps — 0) pe(0) m,(u) df / L(p) dp — 0.95
6 0

@ Louis Lyons and David van Dyk (Statistics,
Imperial College) want to analyse Higgs boson

discovery in Bayesian framework ~ pr(D|H))
“  pr(D|H,)

@ “Bayesian wear their priors on their
CEES or(D| Hy) = f or(D| 0, Ho) (0| He) b

® However, statistical procedures applied to
Higgs boson discovery “among the most
rigorous of complex scientific data today”
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Limits interpretation

@ freq: upper limit on u at 95% CL does NOT mean that P(u<uy) = 5% ! Only
conclusion is that we didnt see anything in the data consistent with wu>uy, (with a
method that is guarantied to be wrong 5% of the time).

@ Bayes: upper limit on u at 5% (1-95%) of posterior density DOES mean P(u<uup) = 5%
BUT there is a prior that the physics of u exists.

@ CLs has similar interpretation as freq but protected against obvious wrong freq limits
for insensitive experiments

@ Cost of robustness is overcoverage (e.g. wrong less than 5% of time for 95% CL)
@ Otherwise many same features as Bayes limits

@ “Lucky” background fluctuations dont give obviously optimistic limits

@ Increased uncertainty doesnt improve a search

@ Adding a low-sensitivity channel hardly improves the search
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From exclusion to discovery to measurement

Release 1 by 1 the model assumptions in the
statistical model used in the search, e.g.

Background (scan my)| A =0.mpm) = L<£‘(; g;mfg)@
. e & L(:u’amHaé)
Signal (scan my) A, mp) = T

L("’-H :/fl 7/f2 ,é)

Mass consistency W(mg) =

I’(??]'ZH s"n%H $I£1 :/':-‘259)

L("”H sﬂzl sUﬂ:Q sé)
Mass MNmpyg) =22y,
( H) L(?TLI! 1H1 7“2'\:6)

. L{j,m ,9".,\
Signal and mass | A(u,mp) = o0
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Signal strength vs mass

ATLAS 2011 - 2012
ys=7TeV; [Lit=4.7-4.8 fo* + Bestfd

© 1s-BTeV: Lot - 5559 fo* Sekd @ Contours not
— Koy shown for

—H=77" = al
_l'—i\'\'\w’:—.‘ vy “ > O...

—
=
-
s
)]
c
o
et
7
™
c
2
)]
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Testing JP - 2 point hyp. test

T LED
v e _ . '
— Olaavd = eV
© Bxpootcd Sor hakligronsd
I .‘.'-lr' far c g
puchadkyrs

y dens

=
b
"

' Prqbnbi}it

.u.huu, G-rcrvL=-su G- oL-'-..-'
[ R T I B

“"H—+ ZZ —+ 4¢

3 ATLAS Praliminary
n.n!-u,J diwzc T

@ (.74

bW s eei e o 0 ie

[ ‘-:

P X

’ |
Pseudoexperiments

=]
d
ﬂ
=
S
=
8
=
<

5 15 I I M TR
lag!l (Ho Ml (—{E [ 2xInlL, 'Ly

Oslo Winter School 2018 62 A. Read, U. Oslo



Mass measurements

ATLAS Frzimrary N S ——
13TV LA - dss0 ! meeee Combimet (1 ooyt

19-uToV L - ut s r

f

-~ 1

a 13— AT AS Prel minavy

9 a7 Tod Idiedeaat”
g n.::Tn‘}dl-ﬁl:h'

128

28 1™
n, [Gov]

ATLAS Pynlinnary
19Tl - dnau
15=8 T L =20 it

@ Compatibility,
combination

4 r
-y e
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Implementation

K. Cranmer, G. Lewis, L. Moneta, A. Shibata, and

W. Verkerke, HistFactory: A tool for creating statistical
models for use with RooFit and RooSiats,
CERN-OPEN-2012-016 (2012).
http://cdsweb.cern.ch/record/ 14566844,

[.. Moneta, K. Belasco, K. S. Cranmer, S. Kreiss, A. [Lazzaro,
et al., The RooStats Project, PoS ACAT2010 (2010) 057,

arXiv:1009.1003 [physics.data-an].

W. Verkerke and D. Kirkby, The RooFii ioolkit jor data
modeling, Tech. Rep. physics/0306116, SLAC, Stanford, CA,
Jun, 2003. arXiv:physics/0306116
[physics.data-an].

CERN Program Library Long Writeup D506

MINUIT

Function Minimization and Error Analysis

Reference Manual

Version Y41

F. James

A. Read, U. Oslo
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http://cds.cern.ch/record/1456844
http://arxiv.org/abs/physics/0306116
http://arxiv.org/abs/1009.1003
http://wwwasdoc.web.cern.ch/wwwasdoc/minuit/minmain.html

Summary

@ Statistical practices in HEP evolved during the

Higgs boson searches from LEP to Tevatron fo
LHC

@ Profile likelihood (ratio) used for searches as
well as measurements (MINUIT fits at the
base)

® The full chain from exclusion to measurements
via discovery carried out in a common
framework

@ Bayes and non-standard treatment of limits (CLs)
widely used in HEP

improbabile rerum cotidie fieri
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The Unconditional Ensemble

L{daital 11,0) = Poisson(data | us(6)+ h(0)) x p(A 1 F;)

Signal reg on main measurement Contral regicn
auxiliary
meaasuramant
The nuisance parametars rapresent uncartain aspects af the moces
(background normalization ard shape, systemaltic uncertaint'es) :

- Iniial measured value of the paramoter HU Gal éc, (7) Marumi Kado

~
"N

- First fit t1e data (typiczly under the alterrnate hypcthesis) 6
A

oS
~
- The nu sance parameter 9 3 fixed for generation to cefault measured va ue OA

~

- I'he at.xnl'l‘aryrreasurement 0 's randomized G(A18,,0)
Fit (J,0 intoys G(@16,0)

N M

e Build a combined likelihood £(y, 0) = (H L (1,0:)) x (] | A@))

- 0 is now the set of all unique nuisance parameters

- Some &’ are shared between channels. This must be recognized to
ensure proper correlation. A. Armbruster
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https://indico.cern.ch/getFile.py/access?contribId=8&resId=2&materialId=slides&confId=233551

Uncapping (open issue)

a1l

=
-

"""No cap-for

i .;:' QLEP/Tev

CME Proliminasy, 3 =7 TeV
Combingd L= 46470

e PEPTPPRTPRPT IR 1) |
w 180 102 103 305 e 110 102 114 216 1B 12
: T
m, A GeVic)

@ No change in
inferpretation
of limit or significance

@ Visualize deficits for
po and excesses for
CLs

® Need to convince CMS
colleagues... :-)
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