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The significance of a peak

3 10
Suppose we measure a value = — data
. cted backgr d
X for each event and find: ° evpactad Beckgroun
" iy
Each bin (observed) 1s a 47 :
Poisson r.v., means are , | _ |
given by dashed lines. ¥ Pl 0
0O 1 1 1 3
0 L] 10 15 20

In the two bins with the peak, 11 entries found with b= 3.2.
The p-value for the s= 0 hypothesis is:

P(n>11;b=32,s=0)=5.0x 10"%
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The significance of a peak (2)

But... did we know where to look for the peak?
— give P(Nn>11) in any 2 adjacent bins
Is the observed width consistent with the expected X resolution?
— take X window several times the expected resolution
How many bins X distributions have we looked at?
— look at a thousand of them, you’ll find a 10-3 effect
Did we adjust the cuts to ‘enhance’ the peak?
— freeze cuts, repeat analysis with new data

Should we publish????

G. Cowan
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‘ Introduction I

HERA
electron(positron)-proton collider at DESY Very successful HERA operation
et/e- iIn 1999-2000:
» {i& « Physics Luminosity 1994 — 2000
E 70} | 99-(;0 e’ | {70
27.5 GeV 820 GeV z |
920 GeV
Presented results 5 I
Year Vs H1 ZEUS | = %
1994-97 < | 300 GeV | 36 ppb—! | 48 pb—1
1998-99 ¢ | 318 GeV | 15pb~—1 | 16 pb~1 |
1999-00 ¢ 'p | 318 GeV | 46 pb~1 | 64 pb—1 1
Total of about ~ 220 pb—1! of eTp data available. EC

Days of running

A.F.Zarnecki Exotic searches at HERA



Leptokwarki - model

LEPTOKWARKI: Czastki takie widzielibysmy w danych jako
Czastki fundamentalne sprzegajgce sie rezonanse w rozkltadzie masy niezmienniczej
do leptonow i kwarkow, ktore: e*-dzet (NC) i v-dzet (CC).
e niosa liczbe barionowa, leptonowa, g’
kolor | g 1
S

e W ramach o0golnego modelu
Buchmillera-Ruckl’'a-Wylera (BRW) ,
dopuszcza sie istnienie 14 roznych 1 bbb A

10 |

20 40 60 80 100 120 140 160 180 200 220 240 |\3|6% é8(</ 3)00
~ e
t)/F)()\AI L_(:? D250 F T T T T T T T
o | — S total
2 § s-channel .
e mMoga byc produkowane w parach w sl
zderzeniach e e i pp INT s.channel

INT u-channel]

e mozliwa produkcja pojedynczych LQ
w zderzeniach e*p:

195 196 197 198 199 200 201 202 203 204 205
M (GeV)
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Significance Analysis
Excess in x
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Poszukiwanie "nowej fizyki"

Dwa etapy analizy:

* selekcja przypadkow
Podobnie jak w przypadku pomiarow przekroju czynnego
Naogot optymalizujemy "znaczonosc¢" sygnatu
Optymalna selekcja czuta na poziom sygnatu, tto, btedy
systematyczne...

* analiza statystyczna

Na pod
rozktad

Zdecyc

stawie wybranych przypadkow (ich liczby lub
ow w odpowiednich zmiennych) musimy
owac czy przyjac czy odrzuci¢ dang hipoteze



Suppose the result of a measurement for an individual event
is a collection of numbers ¥ = (x1,...,xn)

x, = number of muons,
x, = jet p, of jets,
X5 = missing energy, ...

x follows some n-dimensional joint pdf, which depends on
the type of event produced, 1.e., was it

pp —tt, pp—4gg,...

For each reaction we consider we will have a hypothesis for the
pdfof Z,e.g., f(Z|Hp), f(Z|H1) , etc.

Often H,, 1s the Standard Model, (the background hypothesis),
H, ... 1s a signal hypothesis we are searching for

G. Cowan
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Selecting events

Suppose we have a data sample with two kinds of events,
corresponding to hypotheses H,, and H, and we want to select

those of type H,,.

Each event is a point in Z space. What decision boundary
should we use to accept/reject events as belonging to event

type H,?

Probably start
with cuts:

r;, < C;

X <Cj

G. Cowan
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Other ways to select events

Or maybe use some other sort of decision boundary:

linear or nonlinear

How can we do this in an ‘optimal’ way?

G. Cowan
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Test statistics
Construct a ‘test statistic’ of lower dimension (e.g. scalar)
t(x1,...,Tn)

Goal 1s to compactify data without losing ability to discriminate
between hypotheses.

We can work out the pdfs ¢(t|Hop), g(t|H1), ...

2

g

Decision boundary is now a
single cut on . is |

This effectively divides the sample
space into two regions where we either: |

accept H, (acceptance region) |
or reject 1t (critical region). o

G. Cowan
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Constructing a test statistic

How can we select events 1n an ‘optimal way’?
y

Neyman-Pearson lemma states:

To get the lowest &, for a given &, (highest power for a given
significance level), choose acceptance region such that

f(&]s)
f(Z|b)

> C

where c 1s a constant which determines &,.

Equivalently, optimal scalar test statistic is | (&) =

f(&]s)
f(Z|b)

N.B. any monotonic function of this is just as good.

G. Cowan
RHUL Physics
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Significance level and power of a test
Probability to reject H, if 1t 1s true (error of the 1st kind):

a = P(reject Hy| Hp) = /OO g(t|Hp) dt (significance level)

cut

Probability to accept H, if H, 1s true (error of the 2nd kind):

2

g

B = P(accept Hg|H1)

t i i accept Hy i reject H,
cut 5 I
= [ gt ar
—00 N
(1 — f=power) |

G. Cowan
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Poszukiwanie "nowej fizyki"

Analiza statystyczna:
* gdy widac sygnat
Staramy sie dopasowac parametry modelu tak aby
uzyskac najlepszy opis danych. Nastepnie oceniamy
na ile znaczacy jest to sygnat...

* nie widac¢ sygnatu
Szukamy w przestrzeni parametrow modelu tych
obszarow, ktore powinny byty da¢ widoczny sygnat. Te
obszary mozemy wykluczyc...



Probability, Probability Density, and Likelihood

« Poisson probability P(n|p) = " exp(-p)/n!
e Gaussian probability density function (pdf) p(x|u,o):
p(x|u,c)dx is differential of probability dP.

 In Poisson case, suppose n=3is observed.
Substituting n=3 into P(n|p) yields the
likelihood function L(u) = p® exp(-p)/3!

— Key point is that L(u) is not a probability density in p.

(It is not a density!) Area under L is meaningless.
That’s why a new word, “likelihood”, was invented
for this function of the parameter(s), to distinguish
from a pdf in the observable(s)!

— Likelihood Ratios L(u,) /L(un,) are useful and
frequently used.

Bob Cousins, HCPSS, 2009
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Likelihood

We have data: x (could be a vector, discrete or continuous) and a
probability model: P(x;0) (6 could be vector of parameters)

Now evaluate the probability function using the data that

we observed and treat it as a function of the parameters.
This 1s the likelihood function:

L(0) = P(x;0) (here x is constant)

For example, 1f we have n independent observations of
a random variable x, where x ~ f (x;6), then

L(0) = |] f(z;0)
=1

G. Cowan
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Maximum Likelihood

The likelihood function plays an important role in both
frequentist and Bayesian statistics.

E.g., to estimate the parameter 6, the method of maximum
likelithood (ML) says to take the value that maximizes L(6).

-52.5 T T T

log L(T)

53 09 1 ML and other parameter

estimation methods would
535 | / \ouﬂmaxwz - be a large part of a longer

course on statistics —
for now need to move on...

54

0.8 1 1.2 1.4 16

T

G. Cowan
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Definition of “Probability”

 Abstract mathematical probability P can be defined in terms of
sets and axioms that P obeys. If the axioms are true for P, then
P obeys Bayes’ Theorem (see next slide)

P(B|A) = P(A|B) P(B) / P(A).
e Two established* incarnations of P are:

1) Frequentist P: limiting frequency in ensemble of imagined
repeated samples (as usually taught in Q.M.).
P(constant of nature) and P(SUSY is true) do not exist (in a
useful way) for this definition of P (at least in one universe).

2) (Subjective) Bayesian P: subjective (personalistic) degree
of belief. (de Finetti, Savage)
P(constant of nature) and P(SUSY is true) exist for You.
Shown to be basis for coherent personal decision-making.

 Itisimportant to be able to work with either definition of P, and
to know which one you are using!

*Of course they are still argued about, but to less practical effect, | think.

Bob Cousins, HCPSS, 2009



P, Conditional P, and Derivation of Bayes’ Theorem

INn Pictures
() @

P(A) = —— P(B) = ——
[ |

Whole space

(8>

P(B|A):T
. 0 0
P(A) x P(B|A) = -x . = = P(ANB)
(B) x P(A[B) — : .
P(B) x P(A|B) = x = = P(AnB)
N e

Bob Cousins, HCPSS, 2009 — P(BlA) — P(AlB) X P(B) / P(A) 10



Frequentist Statistics — general philosophy

In frequentist statistics, probabilities are associated only with
the data, 1.e., outcomes of repeatable observations.

Probability = limiting frequency
Probabilities such as

P (Higgs boson exists),
P(0.117 < a,<0.121),

etc. are either O or 1, but we don’t know which.

The tools of frequentist statistics tell us what to expect, under
the assumption of certain probabilities, about hypothetical
repeated observations.
The preferred theories (models, hypotheses, ...) are those for
which our observations would be considered ‘usual’.

G. Cowan
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Bayesian Statistics — general philosophy

In Bayesian statistics, interpretation of probability extended to
degree of belief (subjective probability). Use this for hypotheses:

probability of the data assuming

. - rior probability, 1.e.,
hypothesis # (the likelihood) . / Eeforg secing tge i

o P(@H)m(H)
/P(m ) = [ P(Z|H)w(H) dH

posterior probability, 1.e., \ normalization involves sum
after seeing the data over all possible hypotheses

Bayesian methods can provide more natural treatment of non-
repeatable phenomena:

systematic uncertainties, probability that Higgs boson exists,...

No golden rule for priors (“if-then” character of Bayes’ thm.)

G. Cowan
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Example: Particles entering a threshold Cerenkov can be e, 7 or K,
P(e) =1% P(m) = 70% P(K) = 29%
The probabilities that the detector fires (efficiencies) are
P(C|e) =99% P(C|7)=2% P(C|K)=1%
If a particle fired the detector, what'’s the probability that it's an e?

P(C|e)P(e)
(Cle)P(e) + P(C|r)P(r) + P(C|K)P(K)

P(e|C) =5

B 0.99 x 0.01
~ 0,99 x 0.01 + 0.02x0.70 + 0.01 x 0.29

= 37%

Notice that is is a rather selective detector,

yet 63% of signals will be background (= and K).



Bayesian Intervals Bayes Theorem R.Piegaia HCPSS08/Statistics

@ To invert probabilities, P(A| B) — P(B| A), need P(B)
P(C|e) — P(e|C), need P(e)

e P(A|B) # P(B|A)

P(Cle) # P(e|C)

Or, with a real life example:

A = female or male P(pregnant | female) ~ 0.5%
B = pregnant or non-pregnant  P(female | pregnant) >> 1%

70



Example of Bayes’ Theorem Using Bayesian P

In a background-free experiment, a theorist uses a “model” to predict a
signal with Poisson mean of 3 events. From Poisson formula we know

P(0 events | model true) = 3%-3/0! = 0.05
P(0 events | model false) = 1.0
P(>0 events | model true) = 0.95
P(>0 events | model false) = 0.0
The experiment is performed and zero events are observed.

Question: Given the result of the expt, what is the probability that the model
Is true? l.e., What is P(model true | O events) ?

Bob Cousins, HCPSS, 2009 14



Example of Bayes’ Theorem Using Bayesian P

In a background-free experiment, a theorist uses a “model” to predict a
signal with Poisson mean of 3 events. From Poisson formula we know

P(0 events | model true) = 3%-3/0! = 0.05
P(0 events | model false) = 1.0
P(>0 events | model true) = 0.95
P(>0 events | model false) = 0.0
The experiment is performed and zero events are observed.

Question: Given the result of the expt, what is the probability that the model
Is true? l.e., What is P(model true | O events) ?

Answer: Cannot be determined from the given information!
Need in addition: P(model true), the degree of belief in the model prior to
the experiment. Then Bayes’ Thm inverts the conditionality:

P(model true | 0 events) o« P(0 events | model true) P(model true)

If “model” is S.M., then still very high degree of belief after experiment!
(Compare with news releases that would say “there is 5% chance the
S.M. is true.”)

If “model” is large extra dimensions, then low prior belief becomes even
lower.

N.B. Of course this example is over-simplified; it gets more interesting when
there is more than one model which predicts the signal-type events. Also
when an event is seen; and when normalization factor is included.

Bob Cousins, HCPSS, 2009



Dwa podejscia do wyznaczania limitow:

Bayesowskie
probujemy "zrekonstruowac" rozktad prawdopodobienstwa dla
parametru modelu. Traktujemy ten parametr jak zmienng losowa.

Z tego rozkitadu liczymi limit tak jak dla zwyktago rozktadu
prawdopodobienstwa zmiennej losowej (np. rozktadu Gaussa).
Np. wykluczone sg wartosci parametru X wieksze niz X, jesli

P(X>X|im) =1-CL

+ proste I intuicyjne

+ nie wymaga czasochtonnych obliczen
- zalezy od wyboru 'prior distribution’

- zalezy od wyboru parametru modelu



Extraction of Limits

Confidence Intervalls
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Likelihood ratio

Limits on Compositeness Scales

N

x
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Filip
Pływające pole tekstowe
Likelihood ratio


Rozklad masy niezmienniczej vq i porobwnanie z SM

r ZEUS98-9ep - vX N
| — SMm te-d--

E o ZEUS400€’p - uX & %11? ?

- — sM

| . | — 1 E * ' E
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Dobra zgodnos¢ danych z przewidywaniami Modelu Standardowego — brak sygnatu LQ

Jolanta Sztuk 12



Using shape of a distribution 1n a search

Suppose we want to search for a specific model (i.e. beyond
the Standard Model); contains parameter 6.

Select candidate events; for each event measure some quantity
x and make histogram: 7 = (nq,...,n))

Expected number of entries in ith bin:  E[n;] = s;(0) + b;

e /

signal background

Suppose the ‘no signal’ hypothesis is 8= 6, i.e., (6,) = 0.

111ty 1 M : 1
Prgbablllty is p?o.d.uct of @0) = ] (5i(0) + 5™ _(s:(0)+b)
Poisson probabilities: =1 n;!
G. Cowan
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Figure 5.6: Distribution of selected NC DIS type events in the M.;, - cos 0., plane, for

ejs

i A

the e”p and the e™p data. The grid indicates bins used in the likelihood analysis.

L; is the function of IV; and p;, thus also Mpg and Arg. The two dimensional likelihood

L is the product of Poisson probabilities over all considered cos 60*~M;;, bins:

LMo, M\o) = HL - He< i) “’ (5.6)

In this analysis we adopted the Bayesian approach and the upper limit on the coupling
strength as a function of Mg, Nimi(MLg), was obtained by solving the equation’

>\121mit o0
/ dN*L(Mpq, \) = 0.95 / dAN*L(Mpq, \). (5.7)
0 0

The confidence level of the limit calculated with this method is not exactly equal, but
is expected to be close to 95%. This assumption was verified using the so called Monte

Carlo Experiments method. More details can be found in Appendix E.
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‘ Leptokwarki - wyniki I

Brak widocznego sygnatu LQ =- Granice na sprzezenie Yukawy A w funkcji My,

7\ I ‘ I I I I ‘ I I I I ‘ I I I I I I I I |
< - F=2scalar LQ SB (eu) ]
ZEUS94-00 €p

1 Q E
- & P
B . Q =
R \9 ;
O ]

1 e; er
POE E
e —— CConly |
T — NC+CC _
:\ | ‘:\ | | | ‘ | | | | ‘ | | | | ‘ | | | | :

200 250 300 350 400

M LQ(G eV)

+ CC

= silniejsze granice

t gczna analiza

Dla\ = V4ra ~ 0.3
gorne granice na My,

wynoszg od 274 do 400 GeV

Dla dolne granice
na stosunek Mo /A0
wynosi od 0.27 TeV do 1.26 TeV

Jolanta Sztuk
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Podejscie klasyczne
Parametr modelu nie jest zmienng losow3!
O przyjeciu (lub odrzuceniu) danego modelu "nowej fizyki" decyduje
prawdopodobienstwo, ze (przy powtorzeniu pomiaru) datby on wynik y
lepiej (gorzej) zgodny z przewidywaniami SM niz jest to obserwowane
W rzeczywiscie zebranych danych - ydata.
Naogot wykluczamy modele, ktdre dajg gorszg niz obserwowana
zgodnosc¢ z SM w 95% przypadkow:

P(Y > Ydata | Xim) =1 - CL

+ Jednoznaczna definicja, nie potrzebujemy zadnych 'prior
+ Scista interpretacja probabilistyczna
+ nie zalezy od wyboru parametru modelu
- wymaga wyboru sposobu oceny zgodnosci - y (niejednoznacznosc)
- wymaga czasochtonnych obliczen
(symulacji MC wielu powtorzen eksperymentu)
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Excess 1n 1 —

continued

10

P*

min

Minimal Poisson probabilities of the

xpa distributions for different yp, cuts

yoa vange [ Puin(@hy) [%] ] z5s [Novs| # [ Pou [%)]
Ypa > 0.05 1.61 0.708| 4 10.95 16.0
Ypa > 0.15 2.57 0.708| 2 10.25 23.0
Ypa > 0.25 0.60 0.569| 4 |0.71 7.2




High-Q2 DIS

High-Q2 / high-z excess ?
ZEUS 1994-1997 €' preliminary
1r | | | \ | | ;
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r >055&y >025 4(1.9) | 1(1.3) 0 (1.6)

A.F.Zarnecki Exotic searches at HERA 5
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Przedziat utnosci (Neyman, 1937)

Recepta:
e zmienna losowa X o rozktadzie f (x16),
e trzy zadane liczby: 0 < < 1 oraz 0 < 8 < ¥ < 1, takie ze:

y—-p=1-a,
e przy ustalonej wartosci 6, wynik x, pomiaru ustanawiamy
kwantylami x4i x,rzedu f irzedu y rozktadu f(x16):
P(x<x,10)=p0, P(x<x,160)=y
(kwantyl x, rzedu p to taka warto$¢ x, zmiennej X, ze P(X< x,) = p)

e rozwigzania obu rOwnan wzgledem 0, Wyznaczaja przedziat

ufnosci [ 6 ] na poziomie ufnosci 1 —

min?® max

l—a=P(x;<x<x,10)=P(0,,<6<6,. 1x) (77?)

min

RIN Granice ...



Konstrukcja Neymana

Przy ustalonej wartosci 6, wyznaczamy kwantyle xz1 x,;
P(Xﬁxﬁ |6?)=,6’, P(XSxyIQ)zy
Przyktad — rozktad wyktadniczy:

*p
P(Xﬁxﬁ|7)=ijexp(—;€jdx:ﬁ T T

Xg= —zIn(1-4)
X T """"" :
P()(S 'xy |T) — l j GXP(—Xj dx — 7/ Tmln _“-"_“1% -------------
‘o ’ Xp  Xo
X, = —tIn(1-7y)

Wykres konstruujemy ,,w poziomie”, przedziaty utnosci
odczytujemy ,,w pionie’.

RIN Granice ...



Consider a p.d.f. f(z;0) where = represents the outcome of the experiment and 6 is the
unknown parameter for which we want to construct a confidence interval. The variable
x could (and often does) represent an estimator for 6. Using f(x;6) we can find for a
pre-specified probability 1 —« and for every value of 6 a set of values x1(6, a) and z3(6, )

such that
(32.39)

2
P(w1<x<x2;9):1—a:/ f(x;0)dz .
T

This is illustrated in Fig. 32.3: a horizontal line segment [x1(0, ), z2(0, @)] is drawn
for representative values of #. The union of such intervals for all values of 6, designated
in the figure as D(«), is known as the confidence belt. Typically the curves x1(6,a) and
x2(0, o) are monotonic functions of #, which we assume for this discussion.

=D@=—

™ %,(6), 0,(%)

X,(6), 8,(X) _

parameter 6

xl(:Go) xzéeo)

Possible experimental values x

Figure 32.3: Construction of the confidence belt (see text).



Przedziat utnosci — interpretacja

Zapis konwencjonalny:
P(x;<x<x,10)=P(6

min

<0< _lIx,)=1-a

6
Tmax _______________________ g
54
--------- = eI
4 > R
ijn """""""""""" | I|I L | I||
. 0 :
I | I " m‘ "
Xpg X X, numer ‘pomiaru

Liczba 1 - o okresla prawdopodobienstwo:
e Ze przedziat [ 6., 6...], zawiera (pokrywa) parametr 6
a nie
e prawdopodobienstwo znalezienia parametru w tym przedziale!!!

RIJN Granice ... 7



Models I
Contact Interactions

Contact Interactions modify tree level eq — eq scattering amplitudes Mg%:

MiH(Q?) =

o5 - 4 possible couplings for every flavor g
Different models assume different helicity structure of new interactions

A.F.Zarnecki Search for contact interactions with ZEUS detector at HERA



HERA-II data

Data and analysis

All HERA data

ZEUS 2003-2004 ZEUS 1994-2004
10:—1.2“ ; —— | ™ e*p(24pbl1) ° | 105‘1.‘2“ ; “ “ ‘ ] 0e+p(‘136pl‘)'1)‘ | ‘i
g f 11 . ] a 1.1 . n
g 1 ¢¢+ﬁ$+++¥ 1 g --°.-¢+¢i+
O I | i 7 O I | i
2 tool T : S sl o o
- 10 10° ° - 10° 10°
1 QJD.f'1‘¢?+ ————————————— = 1 0#0010+¢00¢{* ———————— =
L L * | L | | | | Lo
3 4 3 4
10 10 Q? (GeV?) 10 10 Q® (GeV?)
ZEUS 2004-2005 ZEUS 1998-2005
10 | 12 2 e e'p(122p6“) | = 10 [ 12 ———— e e'p(538p5'1) e
2 [ [ ? a [ 11 ] .
g 1*"5*33*5*¢’¢’$’ - S 1 1] 6% eee o *
5 1 g0l o - 5 F ool @ ]
- 10° 10* - 10° 10*
1 ;————04.75foff—70—70771777077¢77f777————7: 1 :———704075f071770770——1———¢——¢——*————————:
L | |\ | L | | | | Lo | | l
3 4 3 4
10 10 Q? (GeV?) 10 10 Q® (GeV?)
A.F.Zarnecki Search for contact interactions with ZEUS detector at HERA



Analysis

Likelihood function

Observed numbers of events in Q2 bins n; are compared
with the ClI model expectations p; (7)) using the probability
function:

{(nc)mi - e=Hi(nG)
H M

P(ng) —

1

where i runs over 14 Q2 bins x 3 data taking periods.

A
nGg = :|:—M4
S
Resulting likelihood function for the nominal data:
= -
o -~ Alldata
1 [ — e'p1994-97
|~ ep1998-99
i e’'p 1999-00
0.75 [
0.5
0.25

-10 -5 0 5 10
ne [Tev™]

normalized to max, P(ng) =1

A.F.Zarnecki Contact Interactions, Extra Dimensions and Quark Size 9



Analysis

Limit setting (1)

e Find coupling values giving best description of the data,
separately for negative and positive couplings:
example

nél

P(n)

0.75 |

0.25 |

07“‘

For ED model P(7nq) has always only one maximum:
either n;" or 1, IS zero.

In general case (other Cl models) two maxima can be found.

ED model, ZEUS 1994-2000 data:

ny = —0.02 Tev™#
nd = 0

very good agreement with the Standard Model

A.F.Zarnecki Contact Interactions, Extra Dimensions and Quark Size 10



Analysis

Limit setting (2)

e Perform “MC experiments” (MCE) to find the expected
distribution of n;" and n, for Standard Model and for ED
model with arbitrary coupling value 7,

10 ¢

p(m)

10 -

10 =

10

95% CL limit on ng (for no < 0) is defined as 7, value
for which 95% of Monte Carlo experiments result in 75
value lower than the value », ., found for nominal data.

A.F.Zarnecki Contact Interactions, Extra Dimensions and Quark Size 11
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Analysis

Limit setting (3)

Method used to find 95% CL coupling limits with high (sta-
tistical) precision:

« calculate probability P(|n3| > |m44ta])
for selected 7~ values (grid).

e Interpolate between grid points
using polynomial fit to In(P).

nominal data, no systematics

/\(U ‘
8 1 b —
N o
E i | e
o B
— 10 = : - '
‘.
ffffffffffff /
, e 15
-2 - | |
10 | S Myee = -2.16683
- M,,ce = 0.824 TeV
N Mo = 2.438 TeV
-3 & !
10 = + :1
i L ‘ L +\ L L ‘ L L L L H L L L L ‘ L L L L ‘ L L
-5 -2.5 0 2.5 5
No Ny [TeV™]

na < —2.167 TeV—% on 95% CL

A.F.Zarnecki Contact Interactions, Extra Dimensions and Quark Size 12



Analysis

Limit setting

2-D probability distribution for 15 as a function of 7,

P(ns imyc)

ng [Tev™

-2.5

-7.5

-10

A.F.Zarnecki Contact Interactions, Extra Dimensions and Quark Size 13



Cl with A
T T T T T T T T T T T T T T 1

CL
-

0.98

0.96

0.94

0.92

0.9 | | | | | | | | | | | | | | | |

CL
-

0.98

0.96

0.94

0.92

0.9

A%
AA
VA
X1
X2
X3
X4
X5
X6
Ul
u2
u3
u4
us
u6
ADD

Limits obtained with Bayesian approach

Figure E.5: Confidence Levels for mass scale limits A~ and A™, for different contact

interaction models considered in this analysis.
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Poszukiwanie Higgsa

Rozktad masy

o, 307 o c
~ ~ L
Z [ N5 =200-210 GeV Z 5 [ \5=200210 Gev
O 55 [ &)
n i n
P I PN
i | 4 LEPloose i [ <4 LEP tight
@ 20 ) [
§ [ [__] background § 5 L[] background
15 |- [ hZ Signal 4 [ hZSignal +
! (m,=115 GeV) [ (m,=115 GeV)
[ 3 +
10 — all >109GeV A all >109GeV
[ cnd=187 30 [ end=22 4
| bgd=188.1 2343 2 | bgd=2016 125 ad
L sgl= 114 [ sg= 269 1.89
5 —
i 1 L
0 . #‘4Q‘LHH\H‘\H‘ 0"m ! = ol bl .
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Reconstructed Mass m,, [GeV/cz] Reconstructed Mass m,, [GeV/cz]

W obszarze m;, ~ 115 GeV widac¢ niewielki nadmiar przypadkdw,
ktéry moze pochodzi¢ od produkcji Higgsa

Niestety, jest to efekt na poziomie ~ 2o
LEP wytgczono zanim zdotat wyjasnic ten efekt...

A.F.Zarnecki Wyktad VII
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/ Statistics ... Definitions I

TASK ... to combine “channels” from four experiments
Data sets @ different F,,, and Luminosities
Different decay-channels
ete™— Z H—bb, 717~
— qq,vi,ete, utpu=, 7T

(1) INPUTS ... for each “channel” ... binned in two

discriminating variables (both contribute to the search

sensitivity)
® Reconstructed Higgs mass M ;¢
® Global variable G ... containing
b-tag, kinematics, jet-properties ...
In each bin 7 ... (i
e Bkgd. (MC) b; g
® Signal (MC) s;(mg) s;/b;

for “test-mass” Mmyg

® Nbr of candidates  IV; Mree =

MC estimates of s;(mgr) and b; take into account the exp'tal

details (e.g. F .y, lumi, signal eff., mass-resol., bkgds ...)

~

P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000



For “test-mass”™ Mgy ...
(2) LIKELIHOOD TEST ... “sig + bkgd” <— “bkgd”

—2In Q(mu) = 2510t — 2 ), N;In[1 + s;(mm)/bi

Q(mpyg) = L(s+ b)/L(b) “test-statistic”
to rank the observed event configuration
between “ s 4+ b’ and “ b” hypotheses

For arbitrary test-mass Mgy ... and replacing the data set by
ficticious MC sets of “s 4+ b” and “b” configurations

—> expected curves ... and statistical spread

-2In(Q)

7.5 [ o
"S+b"

O
| |

\\ M, (GeV)

/ Statistics\

/

P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000



-~

Statistics\

N

(3) CONFIDENCE LEVELS ...
=L N
D [ observed i
DS | )
ar 7]
= ]
o |
=5 i
- s+b .
- 1—CL g
C ‘ | 2 | ]
-20 -15 —-10 -5 O 5 10 1t
—2In O
<: “S —I_ b” CCb” :>
e 1 — C' L, .. ameasure of incompatibility with “*  b”
Given an ensemble of “ b” experiments ...
probability to obtain an event configuration less bkgd-like
than the observed event configuration
1—CL, ‘ 032 0046 27x1073 63x107° 57x10~7
‘ lo 20 30 40 SO
e C L. ., .. ameasure of incompatibility with s + b
CL; =CLsy,/CLy, = lower bound on Higgs mass

P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000



LEP-style analysis: CL,

The problem with the CL,, method 1s that for high m, the
distribution of g approaches that of the background-only hypothesis:

9 obs f-‘}(g-lf"’)

IR ACALND

CLy

\y

R‘CLHL 4

So a low fluctuation in the number of background events can
give CL ,, < o

This rejects a high mvalue even though we are not sensitive
to Higgs production with that mass; the reason was a low
fluctuation 1n the background.

G. Cowan

RHUL Physics Statistical Methods for Particle Physics / 2007 CERN-FNAL HCP School page 35



—21In(Q) ... REF, DELTA, TOTAL I

25 :\\\\\\\\\\\\‘\ ‘\\\‘\\\‘\\\‘\\\: @25 \\\‘\\\‘\\\‘\\\‘\\\‘\\\‘\\\:
o E = E
el : ~ LEP DELTA
15 - = "15 - =
- LEP REF ] 1
10 — - 10 -~ =
0 ; —— Observed - 0 ; —— Observed V’\W
5 [ - Expected background - 5 F e Expected backgroun =
_10 :\ | \.\-'\-\l\ [ \\pgwcwte\g n\awlw | ?kgrp\ L1 [ \E _10 :\ | \.\-'\-\I\ [ \\pgwc‘\tgqj Slg\nal \ | \?kgr(P\ [ [ \E
100 102 104 106 108 110 112 114 116 118 120 100 102 104 106 108 110 112 114 116 118 120
mH(GeV/cz) mH(GeV/cz)
25 :\ T T T T T T T T T T ‘ T T ‘ T T ‘ T \:
20 =
i ] <~
> ' LEP TOTAL E
10 L E Minimum @ m g =~ 115 GeV
5 = Agreement with SM Higgs cross-sect. for
0 ; —— Observed -
5 B e Expected backgroun - m — ‘|‘1 3
-1 Expected signal B Pkgrpm H 115.0 29’ Gev

_10100 102 104 106 108 110 112 114 116 118 120
mH(GeV/cz)

P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000




/ Prob. density @ myg = 115 GeV ... REF, DELTA, TOTAL I

Py > | | | |
@ | | | | B | | | |
) . REFERENCE S - DELTA
O - @my,=115GeV A @ m,=115GeV.
Q [ = | | | |
o | — Observed | o | — Observed
.= .Background - -- - ‘Background ; ; 3 3
— Signal ‘ . — Signal A N
‘J—M [ ‘ | 1 | | 1 ‘ |11 [ ‘ | 1] ‘ | Lo
24 -20 -16 -12 -8 -4 0 4 8 -24 -20 -16 -12 -8 -4 0 4 8
-2InQ —2InQ
>
c i
(0b) i i 1 ‘ ‘ ‘ 4
S ‘TOTAI:1156 v | | | ]
g | @myTiiseeV ADLO | Observed —2In(Q)
O | — Observed
Background REF -3.5
— 'signal /" 7
| | DEL -3.5

"T// J\‘\l\\\J\\—E ToT 70

-24 -20 -16 -12 -8 -4 0 4 8

-2InQ
\\ P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000




1 — CL, ... REF, DELTA, TOTAL I

R
?——Observed """"""""""""""""""""""""""""""""""""" E
Fo Expected s+b ]
L ,,,,,-,:,-,,-,,-,,-,,,,‘,,Exp,e,c”te,d,,b ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, |
L \i\\\i\\\i\\\i\\\i\'f:\\i\\\i\\\‘ :

Ll ‘ L | L
100 102 104 106 108 110 112 114 116 118 120

2

m,,(GeVic”)

ot ““‘ ______ RN R RN
@ D R
“10 - =
w0 ST ]
10 ?'"'——"""""""O"'béé'r'\'/é'd """" T E
- e Expéected s+b ]

10 E,,,,,,,,_,,,,,,,,,,‘Exp,ecﬁte,d,,b,,j ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, |
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m,,(GeV/c )
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|_\\H
—
I LI
U
o
m:
-
_l
>

20

.

30

_3*
10 E —— """""" O'"béé'rv'éd' """" o S =
- e EXpected s+b 5 ]
10 40 ,,,,,-,,-j,-,,-,,-,,-,,,,‘Expe,c,t,e,d,,b,,,,,i,;fi ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, |
— : : : =40
10 30 i i ‘ ; 20 DU DU PO DO PO
lOO 102 104 106 108 llO 112 114 116 118 120
H(GeV/c )

ADLO 1 —CL,
REF | 2.5 x 1072 | 2.20
DEL |2.2x 1072 | 2.30
TOT | 4.2 X 1073 | 2.90

P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000
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Expected rates @ myg = 115 GeV ..... TOTAL
+ Data 243
ol | Background 215.45
Sgnd 1636
9 1 l Integrating bkgd, signal
l% and data ...
1 , for s/b 2> 1
ol
10'2 S | E-’ T
2 <15 -1 05 0 05 1 15
logl0(sh)
Backgd Signal
ADLO 4-jet 0.93 1.60 3
E-miss 0.30 0.46 1
Lept 0.35 0.68 0
Taus 0.14 0.29 0
ADLO All chan. 1.72 3.03 4

~

/

P. Igo-Kemenes - LEP Seminar - Nov. 3, 2000



U.L. In Poisson Process, n=3 observed: 3 ways

1. Bayesian upper limit at 90% credibility:
find p, such that posterior probability p(u >u,) = 0.1.

2. Likelihood ratio method for approximate 90% C.L. U.L.:
find u, such that L(u,) / £L(3) has prescribed value.

3. Frequentist one-sided 90% C.L. upper limit:
find p, such that P(n<3 | p,) =0.1.

Deep foundational issues
— Only #3 has guaranteed ensemble properties (though
Issues arise with systematics.) Good ?!?
— Only #3 uses P(n|w) for n # observed value. Bad?!?
(See below re likelihood principle)

These issues will not be resolved: aim to have software
for reporting all 3 answers, and sensitivity to prior.

Bob Cousins, HCPSS, 2009
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68% Iintervals by various methods for Poisson
process with n=3 observed

DL PN . | TYons o J [ - 1 T e i1 I P
viceulipwdl 110l 1iuver val Lellgull Luvel aZe.
rms deviation n+vn = (1.27, 4.73) 3.46 no

0 O IR | - 3 aTe! [~ 813 2 O o
Bayesian central 1 (2.09, 5.92) 3.83 no
Bayesian shortest 1 (1.55, 5.15) 3.60 no

T o ] 1 /.. (4 A AN YIS Lrd o
Dayeslall cellvl al J_J/ ‘(1.- ',\J..o) {, '—_|:.U'—_|:/| B | 1)
Bayesian shortest 1/ (0.86, 3.85) 2.99 no
Likelihood ratio — (1.58, 5.08) 3.50 no
Frequentist central - (1.37, 5.92) 4.55 ves

) R IS R R F1 a0 = O a9 O o
Frequentist shortest — (1.29, 5.25) 3.96 yes
Frequentist LR ordering - (1.10, 5.30) 4.20 yes

For the Jeffreys prior (1/Nu), Bayesian
central interval is (1.72, 5.27).

Frequentist intervals over-cover due to

discreteness of n.
Adapted from Cousins05 and
R. Cousins, Am. J. Phys. 63 398 (1995)

Bob Cousins, HCPSS, 2009 49



Metoda Bayesa przy pracy

Rozktad Poissona: P(nlu + A) = L(nly,A) z ttem, z,(41) = const

P(nlu+A)
fu(uln,d)=—
> P(kl1A)
k=0
y7i N
l—a=[f,(\nA)dy = a=Y f,(ulnA)
0 n=0
N =0, o=0,1
metoda A= 0 1 2 3
pre FC | Mma=| 2,30 | 1,30 | 0,30 |-0.70
zunifikowana | 4 max =| 2,44 | 1,61 | 1,26 | 1,08
bayesowska | Hmax =| 2,30 | 2,30 | 2,30 | 2,30

RIN

QGranice ...
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Summary of Three Ways to Make Intervals

P(parameter|data)?

Bayesian Frequentist Likelihood
Credible Confidence Ratio
Requires prior pdf? Yes No No
Obeys likelihood Yes (exception No Yes
principle? re Jeffreys prior)
Random variable in = u, My Uy My Uy
P € [y 1)
Coverage No Yes (but over- | No
guaranteed? coverage...)
Provides Yes No No

Bob Cousins, HCPSS, 2009
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Goal for the LHC a Few Years Ago

« Have in place tools to allow computation of results using a
variety of recipes, for problems up to intermediate
complexity:

— Bayesian with analysis of sensitivity to prior

— Frequentist construction with approximate treatment of nuisance
parameters

— Profile likelihood ratio (Minuit MINOS)
— Other “favorites” such as LEP’s CLg (which is an HEP invention)

e The community can then demand that a result shown with
one’s preferred method also be shown with the other
methods, and sampling properties studied.

« When the methods all agree, we are in asymptopic nirvana.

« When the methods disagree, we learn something!
— The results are answers to different questions.
— Bayesian methods can have poor frequentist properties
— Frequentist methods can badly violate likelihood principle

Bob Cousins, HCPSS, 2009
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ATLAS/CMS/ROOT Project: RooStats built on RooFit

—
@.\ i |..I_https:,l’;’twwki.cern.ch,l’twikiJ‘hin,l’\r'\ew)’RooStats)l

o814 |

File Edit View Favorites Tools  Help

e 4 I (4 WebHome < RooStats < TWiki l }

Cﬂ Skype  foj Home  ~ @Print - |[ibPage ~ ; Tools - [ Full Screen

B
LR

»

collaborate with

TWiki

RooStats

fai RooStats Web
[¥ Create New Topic
£/ Index

Q, Search

+ Changes

&4 Notifications

¥ Statistics

# Preferences

Download

RooFit Tutorials
RooStatsTutorials
RooStats Code Doc
TMVA

CERN Webs

ABATBEA
ACPP
ADCgroup
AfricaMap
ALICE
AliceEbyE
AliceSSD
AliceTOF
AliFemto
ALPHA
AliceSPD
ArdaGrid
AthenaFCalTBAna
Atlas
AXIALPET
CAE
CALICE
CERMNSearch
cDS

CLIC

CMS
Cloud
Controls
DefaultiWeb
DESgroup
EGEE
ELFms
ETICS
EgeePtf
FlOgroup
Gaudi

https://twiki.cern.ch/twiki/bin/view/RooStats/WebHome

Edit Attach

You are here: TWiki »  RooStats Web = WebHome 13- 10 May 2009 - 19:12:52 - KyleCranmer

Welcome to the RooStats Wiki

What is RooStats?

This is a wiki for RooSiats development. RooSiats is a project to create statistical tools built on top of RooFit and
distributed in ROQT. It is a joint project between the LHC experiments and the ROOT team

How to get it?

All you need is the |atest ROOT release. The code is developing quickly, so you may need to Download and Install
the RooStats Branch

Organization

The RooSiats project has an oversight committee formed by the heads of the ATLAS and CMS statistics forums
Through several joint ATLAS-CMS statistics meetings we have converged on a structure in which the oversight
committee sets goals and priorities for tool development (at a high level). adjudicates any conflicts that might arise
and helps find manpower if needed. The development of RooStats is open in nature. with four core developers

« Kyle Cranmer representing ATLAS

« Gregory Schott representing CMS

« Lorenzo Moneta representing ROOT

« Wouter Verkerke representing RooFii (on which RooSiats is based)

These core developers have access to ROOT's SVN repository.

Resources

« mailing list: roostats-development -at- cern.ch is hosted via SIMBAZ2: hitps /websve03 cern ch/listboxservices/
« RooFit User's Guide

« RooStats User's Guide under development
« RooFit Tutorials

« RooStats Tutorials

« Roofit Code Documentation
.

.

.

.

.

RooStats Code Documentation

ROOT's Stat and Math tools forum

Link to SVN branch

Version 5.23 release notes

Initial RooStatskarlsuhe package (deprecated) * ROOT release notes: 522 5 21/6

Talks. meetinas. and more information

Core developers:

K. Cranmer (ATLAS)
Gregory Schott (CMS)
Wouter Verkerke (RooFit)
Lorenzo Moneta (ROOT)
Open project, all welcome
to contribute.

Included in ROOT
production releases since
v3.22, more soon to come

Example macros in
$ROOTSYS/tutorials/roostats

RooFit extensively
documented, RooStats
manual catching up, code
doc in ROOT.

Bob Cousins, HCPSS, 2009 65



Running RooStats in Latest (dev) ROOT 5.23.04

CERN Ixplus machines: examples run with a few lines, e.g.:

setenv ROOTSYS /afs/cern.ch/sw/lcg/app/releases/ROOT/5.23.04/slc4 _ia32_gcc34/root
setenv LD_LIBRARY_PATH ${ROOTSYS}/lib

setenv PATH ${PATH}:${ROOTSYS}/bin

root -x SROOTSYS/tutorials/roostats/rs201_hybridcalculator.C

Problem considered: Is histogram all background or is there a signal superimposed?

H, is uniform background “B” with Poisson mean estimated to be 40+10 events

H, is has Gaussian signal in addition to background (“SB”), Poisson mean 20 events.
Calculates test statistic in frequentist way for signal mean, but treats 25% uncertainty
on background in Bayesian way. Produces distributions of test statistics under H, and
H, on, from which tail probabilities are calculated and printed.

[ Plot of results with HybridCalculator |

005, S Code in this example is well-

i commented but to fully
understand it requires consulting
the code doc as well, some
knowledge of Roofit and
RooStats.

0.04
0.03—
0.02—

0.01—

= '_"a,‘u
Tesustaliatios Bob Cousins, HCPSS, 2009 66



RPiegala HCPSSOB/Statistics 86
Confidence Interval with Nuisance parameters

Estimation of confidence interval for a physics parameter of interest
when there are uncertainties in quantities such as acceptance,

luminosity, background or selection efficiencies. These are called

@ In Statistics: nuisance parameters
@ In Particle Physics: sources of systematic uncertainty

Probability model for the data depends on parameters of interest

= (1, -+, jx) @and nuisance parameters 6 = (04, ,0;)

Have nindependent observations X = (X, ... X,) with pdf f(x|u, 0)

The full likelihood function is given by .Z (., 6 | X) Hf (Xi| i, 0)



el s
Fully Bayesian Treatment

Requires (joint) prior for the (correlated) nuisance parameters = (0)

[ 2 (1, 0)(n)w(6) d6
IT 2010, 0)(1)7(8) a6 dy

The posterior is p(u) =

Mathematically equivalent to eliminate nuisance param. from .2 (u, )

= /.i”(ﬂ, 0)r(0)do

(u)ﬂ(u)
[ Z W) (n) dps

and then get the posterior

p(n) =

The posterior is integrated to define an interval or limit



Podsumowanie

,If your experiment needs statistics,

you ought to have done a better experiment."
Ernest Rutherford

RIN Granice ...
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	Tekst1: Limits obtained with Bayesian approach


