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What can you expect from the
Lectures

Lecture 1: Basic Concepts
Histograms, PDF, Testing Hypotheses,
LR as a Test Statistics, p-value, POWER, CLs
Measurements
~ Lecture 2: Wald Theorem, Asymptotic Formalism, Asimov Data
Set, Feldman-Cousins, PL & CLs, Asimov Significance
. Lecture 3: Look Elsewhere Effect

1D LEE the non-intuitive thumb rule
(upcrossings, trial #~Z)
2D LEE (Euler Characteristic)
. Lecture 4: Basic Introduction to Deep Learning
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This Lecture’s Questions
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Profile Likelihood & Wilks’ Theorem

Lipe, A) = PEASTO —quenssry L —(epeni=e/202 1 momeas=t?/208 1 ~(Ancn-)?/20%
o n! o.\2m opV/2m oAV 2T

f(qe)lu=1)

1t 2 L(u, A,E)
0.500 - Xl q/,t — _2 ln N A~
| L({1,¢,A,b)

f(q, | w) follows a Chi squared distribution with 1 d.o.f
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— Xx*(Ngor=3) X2(Ngof=2)
— Xz(ndof=1)

S.S. Wilks, The large-sample distribution of the likelihood ratio for testing composite
hypotheses, Ann. Math. Statist. 9 {1938) 60-2.
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Profll§ Likelihood & Wilks’ Theorem
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— Xz(ndof=1)

/I(O‘i) —

S.S. Wilks, The large-sample distribution of the likelihood ratio for testing composite
hypotheses, Ann. Math. Statist. 9 (1938) 60-2.
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Profllg Likelihgod & Wilks’ Theorem

_( Emeas € ) /20

—(neAs +b)

L(p,e,A) =

f(qq)lp=1)

17
0.500 -

0.100
0.050

0.010}
0.005]

27‘(’

™~

as—b)? /207 as—A)? /20A

\/ﬁ \/%

L(i,¢, 4,b)
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— X*(Ngof=3)
X2(ngor=1)

X2(Ngor=2)

L(0,.0
Ala,) = ((Z’ AJ)
L(OC;‘,QJ-)

g(a;)=-2log 2/(Ofi) ~ %3

f(q, |e,) follows a Chi squared distribution with n d.o.f]

n = # pars of interest
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Classification of Test Statistics

Test Purpose Expression LR
Stat.
21n A(0) =0 £
do discovery of positive ¢p = { - A(0) = ﬂ%l
signal 0 <0 L{ji8)
t, 2-sided  measure- ¢, = —2InA(j) Ap) = L{p.)
L(f1,0)
ment _
Heded) >0
t avoid negative signal ¢, — —2lnA(u) Ap) = <4 (“g /
(Feldman-Cousins) M i< 0
[ L{0,6(0))
. —2lnA(p) p<p
i cxclusion Gy = A
0 1>
( 2,
—2In Hedl) 5
L{0,0(0})
q exclusion of positive ¢, = ;
qp : p T S 21n L0 )) 0< <
signal L{j1.8)
L 0 ]I}n > H
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Study Case 2: Bump Hunt
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Bump Hunt

Gamma Gamma like BG and a Gaussian signal on top of it

N events
4000} S/B — 05%
3
I'(m) ~m
3000}
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1000
ol 80 100 1.’}.0 140 160 150

200 m [GeV]
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A GammaGammalike Signal

N events
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Nowertn
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S/B=05%
1(m)- o

Luminosity 1s the number of events in the histogram =
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Test H, with q,, Reject H, = Discovery

Bump Hunt
_ ; —21In A(0)
4y 0

(=0
<0

A0) =

£(0.6,)

L([1,6)

Test H (m, ) with q, Reject H (my)=

Exclusion of a Higgs withm,, = ,uup (m;, )

21 Adu)
0

H<u
> u




Asymptotic Approximation

Asymptolic formulae for likelihood-based
tests of new physics C C G \/
Glen Cowan (Roya Holoway, U. o London), Kylke

. A

Cranmer (New Yark U.). Eilem Gross. Ofer Vitells
(Waizmann nst ! _ul 10, 20MC. 25 pp
K le Publishad in Eur Phys J. C71 (2011) 1554, Erratum:

Eur.Fhye J.C73 (2013) 2501
Cranmer
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Test Statistic ~ t, = —2InA(u)

L(u,0,)
L(f1.6)

Higher values of t, correspond to increasing

==2nA(1) A=

L

incompatibility between the data and U
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Wald Theorem
A(l) = LW6,) 1, =-2InA(u)

Wilks = f(t, | 1) ~ x;

How does t, distributes under H , v (U # u)

Vol. 54, No. 3 (Nov., 1943), pp. 426-482.

A. Wald, Tests of Stattstzcal Hypotheses Concerning Several Pammeters When the
Number of Observations is Large, Transactions of the American Mathematical Society,

Y PO Cond ). +0(1/4N)

A

where [l ~G(U’ ,0)

N 15 the sample size

i

(Use the Asimov Dataset to estimate O')

f(t, 1 u) follows a noncentral Chi squared distribution

with non-centrality parameter A = W=p) ‘u r with 1 d.o.f
o’

100f ,
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. Wald Theorem

AN\2
tu:—2lnl(,u):('u ;“ ) +0(1/JN)| ~ H~GW.0)

2 . .
i N 15 the sample size

f(, | i) follows a noncentral Chi squared distribution

7\2
with non-centrality parameter A = (W= p) with 1 d.o.f

2

(o)

S B 1, — 2 1, — 2
Hl.p,‘\ 2\/7‘.},, \/_27_ exp (_Z (\, by + ﬁ) ) + exp (_Z (\/lﬂ. — ﬂ) )]
for i’ = 1 we retrieve Wilks’ theorem
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. A GammaGammalike Signal

N events
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Wald Theorem Demonstration

- 12

—2InA{j) = W oﬂ’) + O(1/V'N)
2

o601

15 |

n 2ImA0)~—= p>0 |

q, (1) = o 50/

0 a<0o |
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30}

20/

L = 60000
fffff L
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. q0,u' =0
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Wald Theorem Demonstration £~ o000 w

(jo — fi)?

=2 AG) =, + O(1/V'N) < >_ 1138

i ) 60: H 60|

R —21InA(1) ~ el | 40
q,(H) = () j a (,,_;,)2 20}/ |
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Wald Theorem (U= )
| A= —
Relatlv:e Error % \/N
0.030§
0.025§
0.020 L
0.015: VN
0.010! X
0.005§ : 3
~ 710000 20000 30000 40000 50000 60000" MO
S/B=05%

Luminosity 1s the number of events in the histogram T(m) ~ m’




Wald Theorem _(u=f)

A = 0} N
Relative Error q
. 0

=1~

0.030
0.025'
0.020!
0.015!

2

Q: How to determine o ?

8 A: With the Asimov DATA
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Asymptotics

/ % f(qnull ‘ Halt)

WllkS — f (qnull | Hnull ) a Z :

f(q1]0)
f(q1]1)




The Feldman Cousins
Unified Method - Take 2

rf'f.“;.;“‘vv.:,' rm . o o B
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How to tell an Upper limit from a Measurement without Flip Flopping

e Ameasurement® T T
(2 sided)

5

|
—
L

b

Mean

O

2 —

1 q------ ¥

O —l L1l L L.l i Ll L.l i LA a

-2 -1 0 I 2 3 B
Measured Mean x X
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How to tell an Upper limit from a Maoaaciiramant withniit Flin I:lopping

e An “upper limit” °
(1 sided)

N

Mean

b LA A
1 - O
0 LL 1l llllilllil a1 Y

'
rJ

-1 0 1 2 3 4
Mcasu‘ed Mean x
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Asymptotic Feldman — Cousins

_fu for (> 0

CCGV
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e
Feldman Cousins - Asymptotic

If 1120 dueto physics constraints, for (1 <0 the best agreement
between data and the physical 1 is (1 =0.We define

/ A
L (41,60 (42))

t, = —2loc (i ! ) M) ={ @)
\ £(0,6(0))
Wald —
— 0 2 A
Z’ B (“0—5) (L 2 0
o= - —f1)* 2 .
7 ag“u _ (Maéi) _ (l;l <0

=0

jr <0
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Feldman Cousins - Asymptotic

1 1 —t,/2 / B
e t, <
~ 27 i = o*
f(t,lun) = Ve /i, - y 2, .2v27 . 02
: 11 L ,—tu/2 4 1 erD [_1(6,1 | /%) P> e
2V2r /T, v2r2p/o) S | T2 2p/e)? " g2
— 1 _ IL(+ Z
pp=1—F(t.|p) (Z)= " G(x;0,1)dx
( / 1 =
2 ,/t,,) ~1 b < b
F(tl‘lu) — < ) _ i +l"2/"2 ~ 2
\(P(Vt") o (B57m) -1 B> 5

CI Of,uatthe(l—oc) CLz{,u‘pu 20{}

Cl of pat the 95% CL=1|p, >5%|
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Validation of [ (tﬂ 1)

(2 ()| p)
1
0=0.2

0.100; g=20
0.010 - —2log A1) ﬂ >0

\\\\\\ qo — tO —= < O A < O
0.001; O H
104;-
10-° - 20 25t

— Theoretical distribution - g X2 (Ngor=1)
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Validationof  f (¢, | 1)

(£ ()| 1)

1 »

o.1oo;—
3 ‘Ltz
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Validation of [ (tﬂ 1)

f( ) |1)
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FC confidence belt
Givenu,  =0.2

derive the [l interval
Jor which p  >0.05

Set lutrue e‘g' al’ttrue — 02 5%

Pu(i=1-F(i, ()=

C1, =4 | p, (1) 2 5%} =

7, =331 N/

: P— —F 1.0 ‘-o.sio.}‘{;ﬁ“i.o 15 20 ﬁ

/




A A A A A
0.4 0.6

The values of H,,, for which p, 20.05
for a given [, are the CI of UL
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FC confidence belt e (D)

Scan U and build the Confidence belt

Cl(t,, = 0.2)={ 2] p, ()2 5%}

...............

r l" |
,‘l \
[
1‘f \ Pire = 0.2
o v" l \
G(u;pu,,.,»0) .
A L\
1.5 1.0 -0.5 00 5 0 5
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FC confidence belt

Scan U and build the Confidence belt

Cl, (1, =0.000) ={ | p, ()2 5% }

G(i;u, ,0)

Mrue =0.001
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FC COandenCe belt Depends on the observation

one might get 1-sided or 2-sided Cl
For a given [i
use the confidence belt 1.0,
to extract the CI of U

2 sided
CI

| sided
CI
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FC confidence belt - A Shortcut

. >>0= {

12|
1.0/
0./
0.6/
04"
0.2}

p, >O95}a3 84

Mirue = 1 12 fhye = 0.5
; , 1.0, "
0.8,
06, | Py
0. |

~

' ' L) . A
X 05 10 15 20 ” -15 =10 =05 00 05 10 15 20 p
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FC confidence belt - A Shortcut

}%384:

\

04

. >>0= {

Use 'fu = 3.84 to construct the belt
The CI will be at CL >95%

(Conservative) w

Hirue =0.001




0

Iny

eI —21n A(0) ;:120 A0)— L(ﬂfo): L(Abﬂzoz Il L(faﬂzoA)
0 u<o L(u) L(us+b) L(s+b)
q, tor discovery
—2log A(1) =0
CCGV ol "
0 u<o

.

Downward fluctuations of the background
do not serve as an evidence against the background

o m
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(PDF of (q0|0) and (q0|1) W
= (122 (5)) w0+ e [ (52

1 1 1
0.20 fw 2\/%\/%

.

e—q0/2

»n 0.15
:
= I fq0|0 0
g 0.10] quOH; F(g,10)=[" f(a,10)dg, = ®(\Jg, )
E | i po=1-F(q,10)

. M‘J 2= (1= py)= " (F(4,10)) =g,

0.0l IR T e = Zy =4,

0 10 30 40
qO
T P
555 )




4 N
Estimating the Sensitivity of an Experiment

o Estimate the expected significance one could achieve (for
discovering the Higgs Boson) with a given analysis, a given
Luminosity and CM energy..

e Option 1:
e Toss, say, 1,000,000 BG only events (null) and derive the BG-only
pdf of q, f(q,,,[/BG).

Toss another 1,000,000 S+BG (alt) events and find the significance
for each one of them
then, find the median significance....

e This may take ages..., is there a shortcut?

e Option 2:
o Asymptotics+Asimov Data Set




The Asimov Data Set ™

WORLDS OF
l f SCIENCE FICTIO
FRANCHISE

In the future, the United States has converted to an
"electronic democracy" where the computer Multivac
selects a single person to answer a number of
guestions. Multivac will then use the answers and
other data to determine what the results of an election
would be, avoiding the need for an actual election to
be held.

\
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The Asimov Data Set

o The use of a single representative individual
to stand in for the entire population can help in
evaluating the sensitivity of a statistical
method.

o The "Asimov data set’:
an ensemble of simulated experiments can
be replaced by a single representative one.

L

’.,sw;; % Eilam Gross Statistics in PP
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g Estimating the Sensitivity of an Experiment °

e one can replace each ensemble of the alternate-hypothesis experiments with
one data set that represents the typical experiment.

This “Asimov” data set delivers the desired median sensitivity. Hence, one is
exempted from the need to perform an ensemble of experiments for each set of
parameters.

e The Asimov data set is constructed such that when one uses it
to evaluate the estimators for all parameters, one obtains the
true parameter values.

o the Asimov data set can trivially be constructed from the true parameters
values. For example, a set corresponding to the H, hypothesis is

n, =s + b. and the one correspond to the H, hypothesis is n, = b.

e As strange as it reads, the Asimov data set is not necessarily an integer.

\

Bt ' Eilam Gross Statistics in PP
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Back to Spin
Distribution of po-value under H1

N experiments

250? 95% HO
200? H1 asimov
N Experiments 150;
i 100! N .
o | o ESuSR G 488
| o il i
ik P=Cegl _ )
300 | "0 5 0 5 10 g5 ostOL
200 |
100, med|p, | H,]1= p, ,
0" p-value

0.1

0.2

0.3

04
s /()| H)= f([prob(g 2,01 H, | H))
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The Magic of Asimov

0.20

N Experiments

0.00-

O
—_—
\m\

0.10/

0.05

|Asimov DATASET q, ,(f1=1,5(125)+b)|

/med(%l)
f(q0]0)
f(qOl1)
AT M “““““
0 10 20 30 40
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Back to Wald what is G A (7
— 2l A(p) — =R O(1/VN) lu

.,
J-

For the As1mov = ‘utme | | <‘a> —1 138 {




Back to Wald, what is
—21n/1(0)_—+0(\/%j (@)=1 o2 =—

o)
i

O."
u

Fit the distribution with the Asimov calculated Sigma

Luminosity=1000 Luminosity=5000 Luminosity=10000
N events N events N events
100» 100» 100}
o' % qo 1" Dogy
60» 60» 60!
40¢ 40: 40m
e 29, a1 N
-4 -2 2 4 -4 -2 2 4 -4 -2 2 4
Luminosity=20000 Luminosity=30000 Luminosity=40000
N events N events N events
100» 100» 00}
o'y qo 1% digy
60» 60!
40; 40!
20} 20} A
—4 -2 H 4 -2 H




30000 40000 50000

60000 7000

Hminosity

/




4 B £ = 70000 S

- 2500
p- value =
1500
1000
500
Do 110 120 130 140 150 jad'e%e [00V]
S . o
0N/ 77 7
oo N\ 7 -
p=pr Ob(qo 2 qo,o,,s) 0.001F \/ 30
107} ‘e
10°% . ‘ . A . . —
100 110 120 130 140 150 160 s lGeV]




N evenis
3000

2500
2000
1500
1000

p- value

L =70000

1 esﬂass [GeV]

0.010;

J

p=prob(q,=q,,) 0o

107,

§d ¥ 33

107°;

100

] ésllass |GeV]

g.

110 120 130 140

110 120 130 sy 160 3ss [GeV]




4 Jiggont £ = 70000 \
p- value .
1500
1000
500

- 16Aass [GeV]

0.100} ~ ‘\ f’"\_,/ 1o

0.010} \ N =

pP=pr ob(qo 2 qo,o,,s) 0.001} St / 3o

107 \. J 4o

10-%} | A\ A i ,
100 110 120 130 140 150 161ass [GeV

O 20
R obs 15}
U gl

0) 05t




Q TT'I'TTI]'.UTIIU7""'"']1’11"'1"1]"]’7
= ATLAS Preliminary

H>YY § *
o ’
-

Data2011,\s= 7 TeV,ILdt:A.Stb'
Data2012,\s=3TaV. | Ldt=591b"

— Observad Fy: 1) categories
essses Expected Py 10 calegerica
— Dserv2d £, 9 CaleQONES
eeeee. Expacted Py, Qeategiras
1 0-6 — ODSEV2] ‘0' irclusive
essess Expected P, irclusiva

"lselllllllllllllllllllllllllIllllllllllll

10-‘|1O 115 120 125 130 135 140 145 150
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q, for exclusion

ccay | 2logA(u) fi<p
mmmi ]
i 0 >

.

Upward fluctuations of the signal
do not serve as an evidence against the signal

E"E“;;;‘ 197 m . . . .
BT A Eilam Gross Statistics in PP
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PDF of q1\1 and (g1|1)
— 1 1 1 1
Flaulp') = @ (“ - ”) Naw) = 3 75 7= &P [—5 (\ T —
1 1 1 1 _
f(%u“i) — 55((1#) + 5\/%\/(]—6 /2
L
020 | ~
f(q1]0)
flatl)
“““““ 20 30 40
q1

B p
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PDF of (g1[1) and (g1|1)

|Asimov DATASET q, ,(fi=0,b)|

med (q1 10)

\

0.20-
»n 0.15
C
()
£ f(q110)
g 010 f(a111)
L
Z




e
Exclusion at 95% CL

o We test hypothesis H

e We calculate the PL
(profile likelihood) ratio with

the one observed data

o qu, obs
U:"% Eilam Gross Statistics in PP
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e
Exclusion at the 95% CL

e I'ind the p-value of the signal

hypothesis H
N(alH,)
Voo A
00 \ / \
_ N \
po=[, f@QlH)a, \
A \(a,lHo
// \\
// \\‘\ \\

e In principle 1t p <5%, ,/ el \
H  hypothesis 1s excluded at the P
95% CL ‘ A1 o

o Note that H 1s for a given Higgs y,obs
mass my, o)

BTl I8 Eilam Gross Statistics in PP
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Find Liyp

).50

). 10}

.05

In

£(q,10)

\

Py =1-0(\a, )= = Jg, =071~ 00
EL-g(1-a)
o)
M, = {ulpu :5%}
U, = fi+o,(u, )@ (1-0.05) = i+0,(u, )1.64

).01 N
0 3 10 15 20
@ f;‘s’“'""??.‘ [LE3 Eilam Gross Statistics in PP
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(

(

e

Find expected Ly

).50

). 10}

.05

f(q, )

O scan U
0 find g"' = med[ (g, |0)]

O, == F(f(g) 1) =5%]

O1=F(fg 10)= ] oy, 1|0

n,=f+o,(u )0 (1-0.05)=i+0,(u,).64
fH=0—-
n,=0,(1 )0 (1-0.05)=0,(1,)1.64

10 15 20
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1.0 —
0.8 —
0.6 —
0.4 —

0.2

Find expected Lup

™

n, =f+o,(u )0 (1-0.05) = i+0,(u,)1.64
fi,=0—
=0, (1, )0 (1-0.05) =0, (u7")1.64

H,

=1.64 .

qu A

up’

/ 1.640
: Hyp




1.5¢
1.0t

0.5}

Expected K 5 Bands at m=125

/'

~ Asimov

Distribution

1 L L L L ety |

-0.5

s e
Y et

exp

ey =0, (97 1=+ N)

\

O =
Mup+N q
Mup+N ’

2
2 MLp+N

A

i1

‘ |
ol “ k hr'l ' — U
0.0 0.5 1.0 15 2.0

up

/
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BraZII Plot

Hup

Every Discovery starts with the mability to exclude

1.5¢

120 130 140 150 160

\*rJ
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Understanding the Brazil Plot

The expected 95% CL exclusion region covers the my range [rom 110/GeV w 382 GeV. 'The observed

Ry =0(myy)/ ogy(my)<1 > o s TN

o(my)<ogy(my)=2SM my; excluded

The line pup=1 corresponds to
CLs=5% <p’S:50/0)
107

The smaller pup<1 1s, the exclusion of a  ¢LsLimits .

4

SM Higgs is deeper=2>p’s<5%, 100 200 300 400 m5<51% 2310
p’s=CLs>CL=1-p’s>95% "
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Implications in Astro-Particle Physics

WIMP-Nucleon Cross Section [cm’)

2]

.
1Y ' -ail
-1 r il
1 S
- P
-

(:3 DAMA/Ng

: \PNONI 0 th\r;\

10"’5;
107 =
10" —
= | 1
6 73910 20

~.
-

DAMAT

A D

\.:{Lbb‘l-lli_ﬁl_llzy _,-‘.l:gz-""'
\ cOUPt
g

N

-,

30 40 SO .
WIMP Mass [GeVicT]
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L pam =t €YY <

XENONTOO {2012)
ubserved it (9024 CL)
Expected limir of this run:
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Revised CLs
(and Asymptotic)
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CLs

Birnbaum (1962) suggested that o /1— f3

(significance | power)should be used as a measure of

the strength of a statistical test ,rather than o alone

pP=5%— p'=5%/0.155=32%

JLQ)@ HO))}') p'=CL,

I pﬂ
P 1-p,
ﬁ The CLs method
R P "9 f?’ Was brought into
HEP By Alex Read (2002)

0( PfOA(

) A.L. Read,
Presentation of search results:
The CL(s) technique,

Birnbaum was re-discovered later

By O. Vitells

" J\ Phys.\ G {\bf 28}, 2693 (2002).
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The Asymptotic and CLs
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Examples (if time permits)
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Po— fgo|0)dgo

Yo ibs

ike result (more signal like) than the
observed one

Small p0 leads to an observation

A tiny p0O leads to a discovery

R -3
Iz N2m
Z—-® ‘(1-p)

Py IS the probability to observe a less BG

p= — ¢ " tdx=1 D(Z)
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PO and the expected p0O
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e CLs s the
compatibility of
the data with
the signal
hypothesis

e The smaller the
CLs, the less
compatible the
data with the
prospective
signal

ATLAS Prelimiﬁary

== Obs.
-== Ex0.

----------

Understanding the CLs plot

L |

2011 + 2012 Data =
Vs=7TeV: |Ldt=4648Mb" 3
Vs=8TeV: [Ldt=58591" =

L ;l;li LlL.‘Ji mul uuﬂ LI

it . . =
200 300 400 500 600
m,, [GeV]
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Understanding the CLs plot

e Here, for each

Higgs mass Myy, g 10k ATLAS Prelimiriary © 2011 + 2012 Data -;
10° = Obs. Vs=7TeV: |Ldt=4648Mb" 3
one finds the 10°F e Exo. \s=8TeV: [Ldt=5859fb" :
observed p’ 3
o eeatneggtsassemssamestmeseamensasea s setse as eeas R ama e 3
value, 1.e. RIS & SRR #7495%
’ — 1 Ay C peesehredeclentccnnccnntccnntccnitncnntncnntnnnnsnssnsnnsssnnssefuce ..‘!‘990/0
P ,}1—1 3
H E
e This modified ¥
-value, p’ ., 1s b 3
p-value, p’, y -
definition CLs :
00 400 500 600
m,, [GeV]

The smaller CLs, the deepe 1s the exclusion,
Exclusion CL=1-CLs=1-

to the previous Lombmul earch [1]. Figure 2 showx e CL; valueytor u = 1, where it can be seen that
the regions between lll 7GeVito 121.8 GeV and 130.7 GeV 10 523 GeV are excluded at the 99% CL.
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More Magic (if time permits)
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The New s/\b

The new s/\b

ZA = qO,A

med[Z()\l} — \/m = \/2 ((S + b) II‘I(] + S/b) B L’)

ZA _ qO,A s/b«1 S \/SB n qs/ b)

EESERY T1)
b J,"? T i . . .
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The New s/\b

s/\b ?

The new s/\b o : 10 107

med(Zo|1] = /@oa = /2 (s +b) In(1 + 5/b) — 5)




e
Taking Background Systematics into Account

e The intuitive explanation of s/ Vb is that it compares the
signal,s, to the standard deviation of 7 assuming no signal, \b.

e Now suppose the value of b 1s uncertain, characterized by a
standard deviation o,.

o A reasonable guess is to replace Vb by the quadratic sum of
Vb and g, 1.€.,

b+A-b=o0, =\/(\/3)2 +(A-BY = b+ A

s/Jb = /b1 + bA?) —L== ,S1b

S/b >
TzS%S/bz 0.5 for A ~10%

If s/b<0.5 we will never be able to make a discovery
But even that formula can be omproved using the Asimov formalism

BTl 21 Eilam Gross Statistics in PP
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Significance with systematics

e We find (G. Cowan)

’ \ - 1/2
Py (s+b)b+og)| b %5
Za = {2 (‘& | 0)In [bz+(s+b)a§} o2 !1 | b(b+ o)

o

Expanding the Asimov formula in powers of s/b and

0,2/ b gives
S
\/b+ o}

e So the “intuitive” formula can be justified as a limiting case

ZA =

(1 + O(s/b) + O(o? /b))

of the significance from the profile likelihood ratio test evaluated
with the Asimov data set.
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Significance with systematics
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