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Experimentos de conteo: Poisson



Counting experiments: Poisson

Intervalos de Poisson

Usando
—u, N

N BN =u o) =ya

Poiss (N | n) =

uno comunmente aproxima:

NobSZE(N):/A = 0'(]\]):\//;E V Nobs = Nobs £ v Nobs

Probablemente la ecuacion mas usada a diario en fisica experimental.
@ La medicion N, tiene un error 1-sigma de £/ N,p. con 68% CL.
@ Es p.ej lo que programas graficos dibujan en histogramas como error del bin.
@ Pero el intervalo Nobs = v/ Nobs €n un intervalo 68% CL ?

@ Se necesita determinar su cobertura.



Counting experiments: Poisson

Cobertura de Ngps = v/ Nobs

Nobs Bl — p2
0 0.00 - 0.00
0.00 - 2.00
0.58 - 3.41
1.27-4.73
2.00 - 6.00
2.76 -7.23

a A W NN =



Counting experiments: Poisson

Cobertura de Nyps = v/ Nobs
pnw=19
Nobs H1 — p2
0  0.00-0.00
0.00 - 2.00
0.58 - 3.41
1.27-4.73
2.00 - 6.00
2.76 -7.23

a A W NN =



Counting experiments: Poisson

Cobertura de Nyps = v/ Nobs
pnw=19
Nobs  m1—p2  P(Nobs)

0 000-0.00 0.5
0.00-2.00 0.8
0.58 - 3.41 0.27
127-473 017
2.00-6.00  0.08
276-723 0.3

a A W N =



Counting experiments: Poisson

Cobertura de Nyps = v/ Nobs
pnw=19

Nobs  p1—p2  P(Nobs) in?
0 000-0.00 0.5 -
0.00-2.00 0.8 Vv
0.58 - 3.41 0.27 Vv
127-473 017 Vv
2.00-6.00  0.08 —
276-723 0.3 -

a A W N =



Counting experiments: Poisson

Cobertura de Nyps = v/ Nobs
pnw=19
Nobs  p1—p2  P(Neps) in?
0 000-0.00 0.5 -
0.00-2.00 0.8 Vv
0.58 - 3.41 0.27 Vv
127-473 017 Vv
2.00-6.00  0.08 —
276-723 0.3 -
0.72

a A W N =



Counting experiments: Poisson

Cobertura de Ngps = v/ Nobs

pn=19 pn=2.1
Nobs  p1—p2  P(Nops) in?  P(Nobs)
0 0.00 - 0.00 0.15 — 0.12
1 0.00 - 2.00 0.28 4 0.26
2 0.58 - 3.41 0.27 Vv 0.27
3 1.27-4.73 0.17 Vv 0.19
4 2.00 - 6.00 0.08 — 0.10
5 2.76 -7.23 0.03 — 0.04

0.72 0.56



Counting experiments: Poisson

Cobertura de Ngps = v/ Nobs

pn=19 pn=2.1
Nobs 1 —p2  P(Neps) in?  P(Ngs) in?
0 0.00 - 0.00 0.15 — 0.12 —
1 0.00 - 2.00 0.28 4 0.26 —
2 058-341 027 o 027
3 127-473 047 o 019
4 2.00 - 6.00 0.08 — 0.10 4
5 2.76 -7.23 0.03 — 0.04 —

0.72 0.56



Counting experiments: Poisson

Cobertura de Ngps = v/ Nobs

pn=19 pn=2.1 pn=13
Nobs  p1—p2 P(Nobs) in?  P(Nops) in?  P(Neps) in?
0 0.00 - 0.00 0.15 — 0.12 — 0.27 —
1 000-200 028 ./ 026 — 035
2 058-341 027 . 027 o 023
3 1.27-4.73 0.17 V4 0.19 V4 0.10 Vv
4 2.00 - 6.00 0.08 — 0.10 V4 0.03 —
5 2.76-7.23 0.03 — 0.04 — 0.01 —

0.72 0.56 0.68



Counting experiments: Poisson

Cobertura de Ngps = /' Nobs

pn=19 pn=2.1 pn=13
Nobs K1 — K2 P(Nobs) in? P(Nobs) in? P(Nobs) in?
0 0.00 - 0.00 0.15 — 0.12 — 0.27 —
1 000-200 028 ./ 026 — 035
2 0.58 - 3.41 0.27 Vv 0.27 V4 0.23 Vv
3 1.27 -4.73 0.17 V4 0.19 V4 0.10 Vv
4 2.00 - 6.00 0.08 — 0.10 V4 0.03 -
5 2.76-7.23 0.03 — 0.04 — 0.01 —
0.72 0.56 0.68
[ O.QV
g F
g 05?
o F
o= ]
0.5;
0.4k
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Poisson parameter



Counting experiments: Poisson

Limites superiores de Poisson

@ Los intervalos de confianza dan informacion sobre parametros.
@ Los intervalos de dos lados corresponden a mediciones (usualmente CL 68%).

@ Los de un solo lado son la cota superior o inferior (usualmente CL 90% 0 95%).

Los limites superiores e inferiores son importantes en resultados negativos:
@ El flujo de neutrinos extragalacticos de UHE sobre la Tierra es menor que - - -.
@ La seccién eficaz x la densidad de materia oscura es menor que - - -
@ La fraccién de una cierta sustancia en sangre es menor que - - -
@ La eficiencia de un cierto proceso no es menor que - - -

@ La masa de los electrones supersimétricos es mayor que - - -



Counting experiments: Poisson

Poisson Upper Limits. Frequentist

Signal: 6.68
P(N <N,,): 0.10

obs:

© Measure Ngp,s from Poisson with p unknown

In this example Nous = 3

Signal: 7.75

rnven.yoos] = What values of i are compatible with Nops?

obs:

We quantify “compatibility” via P(N < Nobs | 11)

© P(N < Nobs | 1) decreases as i grows

Signal: 10.05
P (N <N,,): 0.01

obs:

© Upper Limit:

Highest value of u we consider compatible with Nops

012345678 91011121314151617181920



Counting experiments: Poisson

Poisson Upper Limits. Frequentist

gonwece | © Decide when a small P(N < Noy | 1) is considered

obs:

0 arandom fluctuation

O a sign of incompatibility between p and Nops

Signal: 7.75
P(N<N,,): 0.05

obs:

Signal: 10.05
P (N <N,,): 0.01

obs:

012345678 91011121314151617181920



Counting experiments: Poisson

Poisson Upper Limits. Frequentist

signal: 6.68 > Decide when a small P(N < N, | 1) is considered

P (N <N,,,): 0.10

0 arandom fluctuation

O a sign of incompatibility between p and Nops

Signal: 7.75 © Choose a significance « or confidence level C'L

P (N <N,,,): 0.05
such that

(P(N < Nos | pup) < @ =1 - CL)

Signal: 10.05

ok PN N, 0.01 Significance  CL Hup

010  90% 668
i 005 9% 775
0.01 99%  10.05

012345678 91011121314151617181920



Counting experiments: Poisson

Poisson Upper Limits. Coverage.

This method yields 1., at 95% CL for each Nos.
For these values the coverage is 95% ,by construction.

For other values of . there will be overcoverage.

Nobs — pup Coverage(p) = Z P (N |p)
0 3.00 N:p<pup (V)
Comparacion de Cobertura de Limites Superiores Poisson
1 4- 74 g [T T T T
2 6.30 8 ]
3 775 "t X
4 9.15 ’ i
5  10.51 *t E
6 11.84 oot ]

14 16 18
Parametro i de Poisson



Counting experiments: Poisson

Poisson Limits. Bayesian

Remember Bayes:
f(z|p) : probability of measuring z if the true value of the parameter is .
p (p]x) : the posterior, pdf of the parameter p given that we measured =z .
They are related by Bayes’ Theorem:

p(plz) o< fz|p)m(p)

pulz) = C flz|p) m(p)
The constant C does not depend on x and is calculated by normalization:

/p(ﬂ|x)dﬂ:1 = c/f(xlu)w(u)duzl = C:m



Counting experiments: Poisson 10

Poisson Limits. Bayesian

Bayes for the Poisson case:
P (N | p) : probability of measuring N if the true value of the parameter is 1 .

p(p| N) : posterior distribution of the parameter . given that we measured N .

p(pu|N) oc P(N|p)m(p)

N

e tu
Pl N) o S

If we measured Nops :



Counting experiments: Poisson

Poisson Limits. Bayesian

Using Bayes for the case Nobs = 3 :

P (1] Novs) oc e plers  (for w(u) flat)

022F

pu) O €™ putebs

I
2 4 6 B 10 12 14
Parameter p



Counting experiments: Poisson

Poisson Limits. Bayesian

Using Bayes for the case Nops = 3 :

P (| Nov) oc e v (for m(y) flat)

02 68.0% CL Central
02F
o18F H-H, 2.09 - 5.90
s Nope = 3
01af
012
0.1F
0.08F
0.06 -
004
0.02
3 ¥ 3 L R R 1
Parameter
_ o42.90
H=31501

/Oulp(u) dp = /“Zop(u) dp



Counting experiments: Poisson 12

Poisson Limits. Bayesian

Using Bayes for the case Nops = 3 :

P (1] Nops) oc e H plNovs (for 7(p) flat)

02E 68.0% CL Symmetric 022 68.0% CL Central
02F 02F
0,15; Ho- My 1.16 - 4.84 018 ; H-H, 2.09-5.90
oo Nops = 3 oteE Nops = 3
014 01af
012 012
01F 01
0.08F 0.08
0,06 0.06 -
004 004
0.02 0,02
S 3 3 L R PR T 3 ¥ :
Parameter Parameter i
_ a+2.90
p=3+1.84 n=31501

— = — pnl oo
p2 =R / p(p) dp = / p(p) dp
0 n2



Counting experiments: Poisson

Poisson Limits. Bayesian

Using Bayes for the case Nops = 3 :

P (1] Nops) oc e H plNovs (for 7(p) flat)

02 68.0% CL Symmetric 68.0% CL Central o 68.0% CL Minimal CI
02
o18f H-H, 0 116-4.84 W,-H,: 2.09-5.90 0. H,-H,: 155-515
016E Nops = 3 Nops = 3 0 Nops = 3
0.14 e 0.
012 012 0.
0.1 01
0.08F 0.08 X
0,06 0.06 - X
004 004 o.
0.02 0,02 X
= g ; 6 8 10 12 1‘A 2‘ AJ ; = ‘2 ; 6 8 10 12 1‘4
Parameter Parameter j Parameter i
+2.90 2.15
= .15
p=3+1.84 n=31501 u:3f1_45

B2 —p=p—p /O‘“p(u) dp = /‘:’p(u) e p(p1) = p(p2)



Counting experiments: Poisson

Poisson Limits. Bayesian

Using Bayes for the case Nops = 3 :

P(1| Nows) oc e b= (for m(y) flat)

95.0% CL Upper limit

Ho- My 0.00-7.75
Nops = 3

|
2 4 6 8 10 12 14
Parameter

fup = 7.75

(p) flat



Counting experiments: Poisson 14

Poisson Limits. Bayesian
A special case, Nops = 0.

=1 Nobs

P(i| Nobs) oc e prers = e (for m(p) flat)

The equation for the upper limit is:

1-CL :/ p(pe | Nobs=0) dp =/ e du = e tur
©

up Hup

And thus

fiap = —log(1 — CL) = —log(1 — 0.95) = 3.00 for CL=0.95



Counting experiments: Poisson

Summary Frequentist vs. Bayesian Upper Limits

Given Nos, the upper limit at C'L confidence level is obtained as

Frequentist Bayesian
P (N < Nobs | prup) =1 - CL P (= prup | Nobs) =1 - CL
where where
Nobs 00
P(NS Nobs|,ufup) = P(N|,Uzup) P(I’LZMUP|N0bS) :/ p(M|NObS) d:u’
N—0 Hup
0.141~ Signal: 7.75 oz 95.0% CL Upper limit
0a2f- P (N <N,,): 0.05 001;, H,-H,: 000-7.75
01 0.15? Ngps = 3
. 014
0.08F oszf
0.06[— 01?
0.08—
0.041~ 006
0.02F o0 E
r 0.02f
0 012345678 91011121314151617181920 % Jl 6 8 10 12 1‘A

Parameter p
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Summary Frequentist vs. Bayesian Upper Limits
Frequentist and Bayesian upper limits are identical only for flat prior.

This is due to a mathematical property of the Poisson distribution.

The equivalence Frequentist/Bayesian limits breaks for other priors.

Bayes Bayes Bayes
Nobs  Frequentist flat m(p) =p w(pw) =1//n
0 3.00 3.00
1 4.74 4.74
2 6.30 6.30
3 7.75 7.75
5 10.51 10.51

—_
o

16.96 16.96



Counting experiments: Poisson

Bayesian prior dependence

The relation between f(u| Nobs) and P(Nobs | 1) depends on the prior.

—n N,

P (] Nobs) oc e o= m(p)

022 95.0% CL Upper limit

02
018 H-H, 0.00-7.75
016

0.14

Ngps = 3

0.12

0.1]
0.08
0.06
0.04
0.02

Parameter

fup = 7.75

n(u) =1/ Vi (1) flat w(n) = u



Counting experiments: Poisson

Bayesian prior dependence

The relation between f (1| Nobs) and P(Nobs | ;1) depends on the prior.

(1) = 1/VE

—n N,

p(H‘Nobs) X e “w obs ﬂ-(ﬂ)

E 02F
022 95.0% CL Upper limit o1sE 95.0% CL Upper limit
0.2F
018 H-H, 0.00 - 7.75 H-W, 0.00-9.13
o016 E Nops = 3 Nops = 3
014f
012F
0.aF
0.08F
006
004F
0.02F
“ : % L R LR T
Parameter p Parameter p
fap = 7.75 pap = 9.13
() flat m(p) =p



Counting experiments: Poisson

Bayesian prior dependence

The relation between f (1| Nobs) and P(Nobs | ;1) depends on the prior.

P (| Nobs) o< e pu

—un N,

obs ﬂ-(ﬂ')

0.25— E 0.2~
[ 95.0% CL Upper limit 0221 95.0% CL Upper limit o1sE 95.0% CL Upper limit
r 02f £
o2 Bl 0.00-7.03 018 ; H-H, 0.00-7.75 0.16 H-W, 0.00-9.13
E Nnbs =3 016 ;7 Nobs =3 0‘14? Nuhs =3
0151 014 012f
r o1z oaf-
E 01f E
01— E 0.08F~
r 0.08F E
L E 0.06
C 0.06 E
005 004F 004~
[ 002 002~
; 6 8 10 12 1‘A “ v = (‘S E‘ 1‘0 12 14
Parameter Parameter Parameter i
fup = 7.03 Pup = T7.75 Pup = 9.13
m(n) =1/ m(p) flat (1) =p
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Bayesian prior dependence
Frequentist and Bayesian upper limits are identical only for flat prior.

This is due to a mathematical property of the Poisson distribution.

The equivalence Frequentist/Bayesian limits breaks for other priors.

Bayes Bayes Bayes
Nobs  Frequentist flat m(p) =p w(pw) =1//n
0 3.00 3.00
1 4.74 4.74
2 6.30 6.30
3 7.75 7.75
5 10.51 10.51

—_
o

16.96 16.96



Counting experiments: Poisson 18

Bayesian prior dependence

Frequentist and Bayesian upper limits are identical only for flat prior.

This is due to a mathematical property of the Poisson distribution.

The equivalence Frequentist/Bayesian limits breaks for other priors.

Bayes Bayes Bayes
Nobs  Frequentist flat w(p)=p w(p)=1//n
0 3.00 3.00 4.73
1 4.74 4.74 6.23
2 6.30 6.30 7.48
3 7.75 7.75 9.13
5 10.51 10.51 11.84
10 16.96 16.96 18.21



Bayesian prior dependence
Frequentist and Bayesian upper limits are identical only for flat prior.

This is due to a mathematical property of the Poisson distribution.

The equivalence Frequentist/Bayesian limits breaks for other priors.

Bayes Bayes Bayes
Nobs  Frequentist flat w(p)=p w(p)=1//n

0 3.00 3.00 4.73 2.02
1 4.74 4.74 6.23 3.90
2 6.30 6.30 7.48 5.50
3 7.75 7.75 9.13 7.03
5 10.51 10.51 11.84 9.84
10 16.96 16.96 18.21 16.34



Poisson Upper Limits with background

Poisson Upper Limits

in the presence of background



Poisson Upper Limits with background 20

Poisson Upper Limits with background

Expected number of events p : sum of a signal s and background b

uw=s+b

@ Signal/Noise
@ HEP: New Physics / SM Physics

@ Cosmology: Source / Average Sky

Assume background known. What is the upper limit on the signal?



Poisson Upper Limits with background 21

Poisson Upper Limits with background: Bayesian

The number of events observed depends on two parameters: s (unknown), b (known).

The inversion of the conditional probability concerns only s :

e G (s )N

P(N|s,b) — p(s|N,b) where P(N|s,b) = N

The inversion using Bayes:

p(s|N,b) x P(N|s,b)m(s)

ef(s+b) (S + b)N

N o e (s 4 b)Y

p(s|N,b) o



Poisson Upper Limits with background

Poisson Upper Limits with background: Bayesian

P (5| Nobs, b) oc e~ T (5 4 ) Nobs

E]

@ Nobs =0: p(s|Nops,b) x e = no change with background.

@ Nops #0:  p(s|Nop,b) oce “(s+b)Vers = s, decreases.

CL =95% b=0 b=0.5 b=15 b=25 b=35
Nobs | 0 2 | 0 2 | 0 2 | 0 2 | 0 2
30 6330 58|30 51|30 46| 30 43

Bayesian
Frequentist

22



Poisson Upper Limits with background

Poisson Upper Limits with background: Frequentist

e*l‘u/Nobs

P(Nowe | 1= 5 +8) = <5/

@ Finding u given Nops, is exactly like the problem without background.

@ Knowing b and p, get the signal parameteras s = — b

CL =95% b=0 b=0.5 b=15 b=25 b=3.5
Nobs‘() 2‘0 2‘0 2‘0 2‘02

Bayesian | 3.0 63 |30 58 |30 51|30 46| 3.0 43

Frequentist

23



Poisson Upper Limits with background

Poisson Upper Limits with background: Frequentist

e*l‘u/Nobs

P(Nowe | 1= 5 +8) = <5/

@ Finding u given Nops, is exactly like the problem without background.

@ Knowing b and p, get the signal parameteras s = — b

CL =95% b=0 b=0.5 b=15 b=25 b=3.5
Nobs‘() 2‘0 2‘0 2‘0 2‘02

30 63|30 58|30 51|30 46| 3.0 43
3.0 6.3

Bayesian

Frequentist

23



Poisson Upper Limits with background

Poisson Upper Limits with background: Frequentist

e*l‘uNobs

P(Nowe | 1= 5 +8) = <5/

@ Finding u given Nops, is exactly like the problem without background.

@ Knowing b and p, get the signal parameteras s = — b

CL =95% b=0 b=0.5 b=15 b=25 b=3.5
Nobs‘() 2‘0 2‘0 2‘0 2‘02

30 63|30 58|30 51|30 46| 3.0 43
30 63|25 538

Bayesian

Frequentist

23



Poisson Upper Limits with background

Poisson Upper Limits with background: Frequentist

e*l‘uNobs

P(Nowe | 1= 5 +8) = <5/

@ Finding u given Nops, is exactly like the problem without background.

@ Knowing b and p, get the signal parameteras s = — b

CL =95% b=0 b=0.5 b=15 b=25 b=3.5
Nobs‘() 2‘0 2‘0 2‘0 2‘02

30 63|30 58|30 51|30 46| 3.0 43
30 63|25 58|15 438

Bayesian

Frequentist

23



Poisson Upper Limits with background

Poisson Upper Limits with background: Frequentist

e*l‘uNobs

P(Nowe | 1= 5 +8) = <5/

@ Finding u given Nops, is exactly like the problem without background.

@ Knowing b and p, get the signal parameteras s = — b

CL =95% b=0 b=0.5 b=15 b=25 b=3.5
Nobs‘() 2‘0 2‘0 2‘0 2‘02

30 63|30 58|30 51|30 46| 3.0 43
30 63|25 58|15 48|05 3.8

Bayesian

Frequentist

23
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Poisson Upper Limits with background: Frequentist

e*l‘uNobs
Nobs!

P(Nops | 1= 5+b) =
@ Finding u given Nops, is exactly like the problem without background.

@ Knowing b and p, get the signal parameteras s = — b

CL =95% b=0 b=10.5 b=15 b=25 b=3.5
Nobs ‘ 0 2 ‘ 0 2 ‘ 0 2 ‘ 0 2 ‘ 0 2

30 63[30 58|30 51|30 46| 30 43

30 63|25 58|15 48|05 38|-05 28

Bayesian

Frequentist



Poisson Upper Limits with background

Frequentist vs. Bayesian
Frequentist:

@ Empty confidence intervals are possible.

24

@ Nobs = 0: Limit on signals depends on

expected bkg.

limit on signal
o

nobs=1

@ Experiments with more background

nobs=0

can get stricter (more impressive) limits.

Trequentist
limits

-y

L B L L L ML Al L

Bayesian:

Bayesian

limits

@ No empty signals. [ Unphysical region

o ITEE FEETE ERETE FEUEE FEETE A N
@ Nobs = 0: no background dependence. 6 05 1 15 2 25 3 35 4

@ Nous > 0: with increasing bkg, limit tends

to Nobs=0 case.

45 5
bar



Poisson Upper Limits with Systematic Errors

Poisson Limits

with Systematic Errors

29



Poisson Upper Limits with Systematic Errors 30

Auger: an experiment measuring a Poisson P(u) random variable

The number of neutrino-like showers recorded in a year is a Poisson variable with
p=c(s+b)

where:

s 1 signal, integrated cosmic UHE neutrino flux over a time T’
€ + o, : detection efficiency

b+ oy : integrated background

Let’'s assume for the moment that the errors are Gaussian



Poisson Upper Limits with Systematic Errors 31

Poisson experiment with pu =¢ (s + b)

es(s+?) [e(s+D)] Hows I (bohs—b)2 1 -1(cete)
Z(Nobs, bobs, Eobs | 5, b,€) = . e 2\ op . e 2\ o¢
( obsy Tebs =o Sl T ) f\/(,hs! 2moy V2o,
event counting measurement of b measurement of &

© .2 is the likelihood to observe Nobs, bobs, obs given the (unknown) values of s, b, &

© Probability to measure N,.,s depends on the three parameters s, b, :

67“/1[\{“)"\‘ )
P(Nobs ‘,U/) = Nill with n=e (S + b)

© b and ¢ are ‘nuisance” parameters, that correspond to systematic uncertainties :

Their value is unimportant, but are needed to determine s, the parameter of interest.
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Poisson experiment with pu =¢ (s + b)

e—S(S+EJ) [6(S+b)} Nobs 1 1 (bobs_b)2 N 1 (501):.’5)
f(NObS7bObS750bS|57bys) = 1 . e 2 ap . e 2 oe
Nobs! 2moy, V270,
event counting measurement of b measurement of &

Gaussian systematic errors mean:

© Frequentist: If b is the true background, the probability to measure bobs is

1 _l(bobsfb)Q
bO)S b)=———¢€ 2 b
f(bobs [ 0) Toron

© Bayesian: Having measured b..,s, the probability density of the true background b is

1 1 (bbens)?
b bobs) = 2 o
S(b]bobs) Taron €




Poisson Upper Limits with Systematic Errors 33

The Bayesian approach

e—s(s+b) [C(S+b)} Nobs | 1 (bobs_b)2 | 1 (Eobs,g)z
f(Nobsybobsysobs|57b75) = 1 . e 2 ap . e 2 oe
Nobs! 210 V270,
event counting measurement of b measurement of &

@ Use Bayes to find the probability density of the parameters :
P (5,0, €| Nobs, Dobs, Eobs) X £ (Nobs, Dobs; €obs | 5, b, €) m(s) w(b) m(e)
@ Integrate (marginalise) over nuisance parameters :
(5| Nove, bovss Sone) o / / L(Nobe, bobe, cons | 5, b, €) 7(s) 7(b) (e) db de
@ Use p(s| Nobs) as a regular probability density on s :

Sup

(90%CL) sup - / (5| Nons) ds = 0.90
0
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The hybrid Frequentist-Bayesian approach (Cousins-Highland)

e*S(Sﬁ'b) [C(S+b)} Nobs | 1 (bobs_b)2 | 1 (Eobs,g)
f(Nobsybobsysobs|57b75) = 1 . e 2 ap C e 2 oe
Nobs! 210 V270,
event counting measurement of b measurement of &

@ Use Bayes only for nuisance parameters (bayesian treatment of systematics)
Z(Nobs, b, | 8, bobs, €obs) X L (Nobs, bobs, Eobs | $, b, &) m(b) (e)
@ Integrate (marginalise) over nuisance parameters
L(Nobs | 5, bove, one) o / / L(Nobe, bobe, cons | 5, b,€) 7(b) () db de

@ Use Z(Nows | s) as a regular likelihood:

N,

obs
(90%CL) sup: Y ZL(N|sup)=0.10

N=0
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The Frequentist approach

e—s(s+b) [C(S+b)} Nobs | 1 (bobs_b)2 | 1 (Eobs,g)z
f(Nobsybobsysobs|57b75) = 1 . e 2 ap . e 2 oe
Nobs! 210 V270,
event counting measurement of b measurement of &

@ For each s, estimate b and ¢ via maximum likelihood: b(s) and &(s)
Vs:  Z(Nobss bobs, Eobs | $,0(5),2(5)) = Z(Nobs, bobs, Eobs | 5, b, €)
@ Define %, as the likelihood profiled over the nuisance parameters
L5 (Novs | 8) = Z(Nobs, bobs, €obs | 8,b(s), €(s) )

@ Use %, (Nobs | s) as a regular likelihood:

Nobs
(90%CL) sup: Y Zp(N|sup) =0.10

N=0
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Systematic errors need not be Gaussian
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—e(s+b) . Nobs  _—7b b
e e(s+b > ) obs , n—nop
f(Nobm b0b57 Tobs | S, ba 5) - [ ( )] : < (T ) : < " > ghtobs (1*5)”7 b

Nobs! bobs! Nobs

event counting Poisson error Binomial error

@ One parameter of interest,

© s : signal, integrated cosmic UHE neutrino flux over a time T
@ Two nuisance parameters: background b, and efficiency ¢

@ b measured in a Poisson experiment:
© bobs cOunts observed from background sky during a period 7 x T
@ ¢ measured in a binomial experiment:

2 nobs €VENts observed out of n total events.



Poisson Upper Limits with Systematic Errors 37

Example of limits from hybrid method including systematics

@ Change in limit for different combinations of relative systematic errors on

background b and efficiency e:
p=c(s+0)

@ Systematic errors make limits worse

b=0.5 b=35
CL,limits | Nope =0 Nobe =2 | Nope =0 Nops = 2
No syst. 25 5.8 -0.5 2.8
o/b=50% | 25 5.8 05 35
o.fe=10% | 2.6 5.9 -0.4 2.9

Both syst. 2.6 59 0.6 3.6



