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Outline
Brief introduction to particle physics

Progress in modeling 

New developments in statistical testing

Current Challenges, Open Questions, etc.
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Some prospective
In just a few short years, the LHC experiments have published hundreds 
of papers, almost all of them making use of statistical techniques

PhyStat series and workshops have been primary venue for presenting 
developments and collaborating with statisticians

‣ 2011 (CERN), 2007 (CERN), 2005 (Oxford), 2003 (SLAC), 2002 (Durham), 2000 (CERN, Fermilab)
‣ 2010 (BIRS/Banff), 2008 (Caltech), 2006 (BIRS/Banff), 2000 (Fermilab), 2000 (CERN)

Statistical practices have evolved significantly due to this collaboration
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A high-level summary of the theory
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Uses of Multivariate Methods

Complex final state of VBF H ! WW ! llEmiss
T well-suited for multivariate methods

Used 7 variables:
!!ll, !"ll, Mll, !!jj, !"jj, Mjj, MT

Compared Neural Networks, Genetic Program-
ming, and Support Vector Regression

q

q
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W

H
W+
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Ref. Cuts low-mH Cuts NN GP SVR
120 ee 0.87 1.25 1.72 1.66 1.44
120 eµ 2.30 2.97 3.92 3.60 3.33
120 µµ 1.16 1.71 2.28 2.26 2.08
Combined 2.97 3.91 4.98 4.57 4.26
130 eµ 4.94 6.14 7.55 7.22 6.59

Table 1: Expected significance in sigma after 30 fb!1 for two cut analyses and three multivariate analyses for
di!erent Higgs masses and final state topologies.

March 14, 2006

University of Pennsylvania Seminar

Higgs Searches at the LHC:

Challenges, Prospects, and Developments (page 25)

Kyle Cranmer

Brookhaven National Laboratory

The Standard Model is encoded in a real-valued 
functional called a  Lagrangian that is related to 
the energy of various configurations of quantum 
mechanical fields that permeate space-time.
‣ The Lagrangian is invariant to certain 

transformations on these fields, called local 
gauge symmetries: SU(3)⊗SU(2)⊗U(1)

The Lagrangian is used to predict the evolution of 
these fields via Euler-Lagrange equations
‣ wave-like solutions correspond to particles 

with a given energy and momentum
‣ scattering of these wave-like states 

correspond to particle interactions
‣ perturbation theory is a systematic expansion 

(à la Taylor series) which can be represented 
precisely in terms of Feynman diagrams

‣ In some regimes the perturbative expansion 
is not appropriate and the theory is not 
calculable
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The Success of the Standard Model & QFT
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Non-trivial  aspects of the theory have been tested to < 1 ppm

A unique realm for reasonable statistical exploration of a scientific theory
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Higgs

Violation of unitarity @ !s ! 1.7 TeV Restores unitarity if 
mH " 0.8-1 TeV

LHC is designed to explore this entire region

Some physics must kick in  ~ 1 TeV to restore unitarity,
could be Higgs, could be KK states, could be ….

Otherwise observe strong WW scattering
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The language of the Standard Model is 
Quantum Field Theory1)
Perturbation Theory, 
Feynman Diagrams, 
and Factorization are 
used to construct 
Monte Carlo 
simulations of the 
interactions

2)

Uses of Multivariate Methods

Complex final state of VBF H ! WW ! llEmiss
T well-suited for multivariate methods

Used 7 variables:
!!ll, !"ll, Mll, !!jj, !"jj, Mjj, MT

Compared Neural Networks, Genetic Program-
ming, and Support Vector Regression
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Ref. Cuts low-mH Cuts NN GP SVR
120 ee 0.87 1.25 1.72 1.66 1.44
120 eµ 2.30 2.97 3.92 3.60 3.33
120 µµ 1.16 1.71 2.28 2.26 2.08
Combined 2.97 3.91 4.98 4.57 4.26
130 eµ 4.94 6.14 7.55 7.22 6.59

Table 1: Expected significance in sigma after 30 fb!1 for two cut analyses and three multivariate analyses for
di!erent Higgs masses and final state topologies.

March 14, 2006

University of Pennsylvania Seminar

Higgs Searches at the LHC:

Challenges, Prospects, and Developments (page 25)
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Number of collisions in 2011

80 mb ⋅ 5 fb-1 = 4⋅1014 collisions

13

<N> = σ L

1 nb = 10-33 cm2

expected number of scatterings = cross section [cm2] x Luminosity [1/cm2]
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Top quark pair decaying to bb eµ ET,miss
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Modeling
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Visualizing probability models

23

G(x|µ, ⇥) (µ, ⇥)
I will represent PDFs graphically as below (directed acyclic graph)
‣ eg. a Gaussian                  is parametrized by                    
‣ every node is a real-valued function of the nodes below 

G

x µ σ

Clearly related to Graphical Models, but not the focus here.
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Marked Poisson Process
Channel: a subset of the data defined by some selection 
requirements.  
‣ eg. all events with 4 electrons with energy > 10 GeV
‣ n: number of events observed in the channel
‣ ν: number of events expected in the channel

Discriminating variable: a property of those events that can be 
measured and which helps discriminate the signal from background
‣ eg. the invariant mass of two particles 
‣ f(x): the p.d.f. of the discriminating variable x

Marked Poisson Process:

24

f(D|⌫) = Pois(n|⌫)
nY

e=1

f(xe)

D = {x1, . . . , xn}
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Mixture model
Total distribution is a mixture model with components 
corresponding to various signal and background interactions

25

10 ATLAS collaboration: Search for the Standard Model Higgs Boson

Table 5. Numbers of events estimated as background, observed in data and expected from signal in the H ! ZZ ! !!qq search
for low mass (mH < 360 GeV) and high mass (mH " 360 GeV) selections. The signal, quoted at two mass points, includes small
contributions from !!!! and !!"" decays. Electron and muon channels are combined. The uncertainties shown are the statistical
and systematic uncertainties, respectively.

Source low mass selection high mass selection
Z+jets 214± 4± 27 9.1± 0.9± 1.4
W+jets 0.33 ± 0.16 ± 0.17 #

tt̄ 0.94 ± 0.09 ± 0.25 0.08 ± 0.02± 0.03
Multi-jet 3.81 ± 0.65 ± 1.91 0.11 ± 0.11± 0.06

ZZ 3.80 ± 0.10 ± 0.73 0.30 ± 0.03± 0.06
WZ 2.83 ± 0.05 ± 0.88 0.29 ± 0.02± 0.10

Total background 226± 4± 28 9.9± 0.9± 1.5
H ! ZZ ! !!qq 0.60 ± 0.01 ± 0.12 (mH = 200 GeV) 0.24± (< 0.001) ± 0.05 (mH = 400 GeV)

Observed 216 11

data. The multi-jet background in the electron channel is
derived from a sample where the electron identification
requirements are relaxed. In the muon channel, the multi-
jet background is estimated from a simulated sample of
semi-leptonically decaying b- and c-quarks and found to be
negligible after the application of the m!! selection. This
was verified in data using leptons with identical charges.

6.3.2 Results for the H ! ZZ ! !!"" search

The H ! ZZ ! !!"" analysis is performed for Higgs
boson masses between 200 GeV and 600 GeV in steps of
20 GeV. Table 6 summarises the numbers of events ob-
served in the data, the estimated numbers of background
events and the expected numbers of signal events for two
selectedmH values. For the low mass selections, five events
are observed in data compared to an expected number of
events from background sources only of 5.8±0.5±1.3. The
corresponding results for the high mass selections are five
events observed in data compared to an expected yield of
3.5±0.4±0.8 events from background sources only. In ad-
dition to the H ! ZZ ! !!"" decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H ! WW (!) !
!"!" decays can lead to final states that are very similar
to H ! ZZ ! !!"" decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H ! WW (!) ! !"!" de-
cays relative to that from H ! ZZ ! !!"" decays is 76%
for mH = 200 GeV and 9% for mH = 300 GeV. The kine-
matic selections prevent individual candidates from being
accepted by both searches. The Emiss

T distribution before
vetoing events with low Emiss

T is shown in Fig. 7.

7 Combination method

The limit-setting procedure uses the power-constrained
profile likelihood method known as the Power Constrained
Limit, PCL [13, 14, 64]. This method is preferred to the
more familiar CLs [15] technique because the constraint
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Fig. 7. Distribution of missing transverse energy in the H !
ZZ ! !!"" search in the electron channel before vetoing events
with low Emiss

T . The expected yield for a Higgs boson with
mH = 400 GeV is also shown.

is more transparently defined and it has reduced overcov-
erage resulting in a more precise meaning of the quoted
confidence level. The resulting PCL median limits have
been found to be around 20% tighter than those obtained
with the CLs method in several Higgs searches. The ap-
plication of the PCL method to each of the individual
Higgs boson search channels is described in Refs. [7–11].
A similar procedure is used here. The individual analyses
are combined by maximising the product of the likelihood
functions for each channel and computing a likelihood ra-
tio. A single signal normalisation parameter µ is used for
all analyses, where µ is the ratio of the hypothesised cross
section to the expected Standard Model cross section.

Each channel has sources of systematic uncertainty,
some of which are common with other channels. Table 7
lists the common sources of systematic uncertainties, which
are taken to be 100% correlated with other channels. Let
the search channels be labelled by l (l = H ! ##, H !
WW , . . . ), the background contribution, j, to channel l
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Parametrizing the model
Parameters of interest (µ): parameters of the theory that modify the 
rates and shapes of the distributions, eg.
‣ the mass of a hypothesized particle
‣ the “signal strength” μ=0 no signal, μ=1 predicted signal rate

Nuisance parameters (θ or αp): associated to uncertainty in:
‣ response of the detector (calibration)
‣ phenomenological model of interaction in non-perturbative regime

Lead to a parametrized model: 
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Parametric vs. non-parametric
The densities              for signal and background interactions are 
typically estimated either parametrically or non-parametrically
‣ in both cases simulated events are used for validation

Parametric modeling:
‣ simple exponential or polynomial
‣ parameters have no obvious interpretation

Non-Parametric modeling:
‣ densities estimated with histograms or kernel estimation based on 

simulated samples with specific settings
‣ parameters have clear physical interpretation
‣ difficulty is forming a parametrized model in many dimensions 
‣ see contribution from Radford Neal, PhyStat 2007 [limited to likelihood]
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Tabulate effect of individual variations of sources of systematic uncertainty
‣ typically one at a time evaluated at nominal and “± 1 σ”
‣ use some form of interpolation to parametrize pth variation in terms of 

nuisance parameter αp 

Incorporating Systematic Effects

10 ATLAS collaboration: Search for the Standard Model Higgs Boson

Table 5. Numbers of events estimated as background, observed in data and expected from signal in the H ! ZZ ! !!qq search
for low mass (mH < 360 GeV) and high mass (mH " 360 GeV) selections. The signal, quoted at two mass points, includes small
contributions from !!!! and !!"" decays. Electron and muon channels are combined. The uncertainties shown are the statistical
and systematic uncertainties, respectively.

Source low mass selection high mass selection
Z+jets 214± 4± 27 9.1± 0.9± 1.4
W+jets 0.33 ± 0.16 ± 0.17 #

tt̄ 0.94 ± 0.09 ± 0.25 0.08 ± 0.02± 0.03
Multi-jet 3.81 ± 0.65 ± 1.91 0.11 ± 0.11± 0.06

ZZ 3.80 ± 0.10 ± 0.73 0.30 ± 0.03± 0.06
WZ 2.83 ± 0.05 ± 0.88 0.29 ± 0.02± 0.10

Total background 226± 4± 28 9.9± 0.9± 1.5
H ! ZZ ! !!qq 0.60 ± 0.01 ± 0.12 (mH = 200 GeV) 0.24± (< 0.001) ± 0.05 (mH = 400 GeV)

Observed 216 11

data. The multi-jet background in the electron channel is
derived from a sample where the electron identification
requirements are relaxed. In the muon channel, the multi-
jet background is estimated from a simulated sample of
semi-leptonically decaying b- and c-quarks and found to be
negligible after the application of the m!! selection. This
was verified in data using leptons with identical charges.

6.3.2 Results for the H ! ZZ ! !!"" search

The H ! ZZ ! !!"" analysis is performed for Higgs
boson masses between 200 GeV and 600 GeV in steps of
20 GeV. Table 6 summarises the numbers of events ob-
served in the data, the estimated numbers of background
events and the expected numbers of signal events for two
selectedmH values. For the low mass selections, five events
are observed in data compared to an expected number of
events from background sources only of 5.8±0.5±1.3. The
corresponding results for the high mass selections are five
events observed in data compared to an expected yield of
3.5±0.4±0.8 events from background sources only. In ad-
dition to the H ! ZZ ! !!"" decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H ! WW (!) !
!"!" decays can lead to final states that are very similar
to H ! ZZ ! !!"" decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H ! WW (!) ! !"!" de-
cays relative to that from H ! ZZ ! !!"" decays is 76%
for mH = 200 GeV and 9% for mH = 300 GeV. The kine-
matic selections prevent individual candidates from being
accepted by both searches. The Emiss

T distribution before
vetoing events with low Emiss

T is shown in Fig. 7.

7 Combination method

The limit-setting procedure uses the power-constrained
profile likelihood method known as the Power Constrained
Limit, PCL [13, 14, 64]. This method is preferred to the
more familiar CLs [15] technique because the constraint
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Fig. 7. Distribution of missing transverse energy in the H !
ZZ ! !!"" search in the electron channel before vetoing events
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is more transparently defined and it has reduced overcov-
erage resulting in a more precise meaning of the quoted
confidence level. The resulting PCL median limits have
been found to be around 20% tighter than those obtained
with the CLs method in several Higgs searches. The ap-
plication of the PCL method to each of the individual
Higgs boson search channels is described in Refs. [7–11].
A similar procedure is used here. The individual analyses
are combined by maximising the product of the likelihood
functions for each channel and computing a likelihood ra-
tio. A single signal normalisation parameter µ is used for
all analyses, where µ is the ratio of the hypothesised cross
section to the expected Standard Model cross section.

Each channel has sources of systematic uncertainty,
some of which are common with other channels. Table 7
lists the common sources of systematic uncertainties, which
are taken to be 100% correlated with other channels. Let
the search channels be labelled by l (l = H ! ##, H !
WW , . . . ), the background contribution, j, to channel l
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Tabulate effect of individual variations of sources of systematic uncertainty
‣ typically one at a time evaluated at nominal and “± 1 σ”
‣ use some form of interpolation to parametrize pth variation in terms of 

nuisance parameter αp 

Incorporating Systematic Effects

10 ATLAS collaboration: Search for the Standard Model Higgs Boson

Table 5. Numbers of events estimated as background, observed in data and expected from signal in the H ! ZZ ! !!qq search
for low mass (mH < 360 GeV) and high mass (mH " 360 GeV) selections. The signal, quoted at two mass points, includes small
contributions from !!!! and !!"" decays. Electron and muon channels are combined. The uncertainties shown are the statistical
and systematic uncertainties, respectively.

Source low mass selection high mass selection
Z+jets 214± 4± 27 9.1± 0.9± 1.4
W+jets 0.33 ± 0.16 ± 0.17 #

tt̄ 0.94 ± 0.09 ± 0.25 0.08 ± 0.02± 0.03
Multi-jet 3.81 ± 0.65 ± 1.91 0.11 ± 0.11± 0.06

ZZ 3.80 ± 0.10 ± 0.73 0.30 ± 0.03± 0.06
WZ 2.83 ± 0.05 ± 0.88 0.29 ± 0.02± 0.10

Total background 226± 4± 28 9.9± 0.9± 1.5
H ! ZZ ! !!qq 0.60 ± 0.01 ± 0.12 (mH = 200 GeV) 0.24± (< 0.001) ± 0.05 (mH = 400 GeV)

Observed 216 11

data. The multi-jet background in the electron channel is
derived from a sample where the electron identification
requirements are relaxed. In the muon channel, the multi-
jet background is estimated from a simulated sample of
semi-leptonically decaying b- and c-quarks and found to be
negligible after the application of the m!! selection. This
was verified in data using leptons with identical charges.

6.3.2 Results for the H ! ZZ ! !!"" search

The H ! ZZ ! !!"" analysis is performed for Higgs
boson masses between 200 GeV and 600 GeV in steps of
20 GeV. Table 6 summarises the numbers of events ob-
served in the data, the estimated numbers of background
events and the expected numbers of signal events for two
selectedmH values. For the low mass selections, five events
are observed in data compared to an expected number of
events from background sources only of 5.8±0.5±1.3. The
corresponding results for the high mass selections are five
events observed in data compared to an expected yield of
3.5±0.4±0.8 events from background sources only. In ad-
dition to the H ! ZZ ! !!"" decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H ! WW (!) !
!"!" decays can lead to final states that are very similar
to H ! ZZ ! !!"" decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H ! WW (!) ! !"!" de-
cays relative to that from H ! ZZ ! !!"" decays is 76%
for mH = 200 GeV and 9% for mH = 300 GeV. The kine-
matic selections prevent individual candidates from being
accepted by both searches. The Emiss

T distribution before
vetoing events with low Emiss

T is shown in Fig. 7.

7 Combination method

The limit-setting procedure uses the power-constrained
profile likelihood method known as the Power Constrained
Limit, PCL [13, 14, 64]. This method is preferred to the
more familiar CLs [15] technique because the constraint
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is more transparently defined and it has reduced overcov-
erage resulting in a more precise meaning of the quoted
confidence level. The resulting PCL median limits have
been found to be around 20% tighter than those obtained
with the CLs method in several Higgs searches. The ap-
plication of the PCL method to each of the individual
Higgs boson search channels is described in Refs. [7–11].
A similar procedure is used here. The individual analyses
are combined by maximising the product of the likelihood
functions for each channel and computing a likelihood ra-
tio. A single signal normalisation parameter µ is used for
all analyses, where µ is the ratio of the hypothesised cross
section to the expected Standard Model cross section.

Each channel has sources of systematic uncertainty,
some of which are common with other channels. Table 7
lists the common sources of systematic uncertainties, which
are taken to be 100% correlated with other channels. Let
the search channels be labelled by l (l = H ! ##, H !
WW , . . . ), the background contribution, j, to channel l
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Tabulate effect of individual variations of sources of systematic uncertainty
‣ typically one at a time evaluated at nominal and “± 1 σ”
‣ use some form of interpolation to parametrize pth variation in terms of 

nuisance parameter αp 

Incorporating Systematic Effects

10 ATLAS collaboration: Search for the Standard Model Higgs Boson

Table 5. Numbers of events estimated as background, observed in data and expected from signal in the H ! ZZ ! !!qq search
for low mass (mH < 360 GeV) and high mass (mH " 360 GeV) selections. The signal, quoted at two mass points, includes small
contributions from !!!! and !!"" decays. Electron and muon channels are combined. The uncertainties shown are the statistical
and systematic uncertainties, respectively.

Source low mass selection high mass selection
Z+jets 214± 4± 27 9.1± 0.9± 1.4
W+jets 0.33 ± 0.16 ± 0.17 #

tt̄ 0.94 ± 0.09 ± 0.25 0.08 ± 0.02± 0.03
Multi-jet 3.81 ± 0.65 ± 1.91 0.11 ± 0.11± 0.06

ZZ 3.80 ± 0.10 ± 0.73 0.30 ± 0.03± 0.06
WZ 2.83 ± 0.05 ± 0.88 0.29 ± 0.02± 0.10

Total background 226± 4± 28 9.9± 0.9± 1.5
H ! ZZ ! !!qq 0.60 ± 0.01 ± 0.12 (mH = 200 GeV) 0.24± (< 0.001) ± 0.05 (mH = 400 GeV)

Observed 216 11

data. The multi-jet background in the electron channel is
derived from a sample where the electron identification
requirements are relaxed. In the muon channel, the multi-
jet background is estimated from a simulated sample of
semi-leptonically decaying b- and c-quarks and found to be
negligible after the application of the m!! selection. This
was verified in data using leptons with identical charges.

6.3.2 Results for the H ! ZZ ! !!"" search

The H ! ZZ ! !!"" analysis is performed for Higgs
boson masses between 200 GeV and 600 GeV in steps of
20 GeV. Table 6 summarises the numbers of events ob-
served in the data, the estimated numbers of background
events and the expected numbers of signal events for two
selectedmH values. For the low mass selections, five events
are observed in data compared to an expected number of
events from background sources only of 5.8±0.5±1.3. The
corresponding results for the high mass selections are five
events observed in data compared to an expected yield of
3.5±0.4±0.8 events from background sources only. In ad-
dition to the H ! ZZ ! !!"" decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H ! WW (!) !
!"!" decays can lead to final states that are very similar
to H ! ZZ ! !!"" decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H ! WW (!) ! !"!" de-
cays relative to that from H ! ZZ ! !!"" decays is 76%
for mH = 200 GeV and 9% for mH = 300 GeV. The kine-
matic selections prevent individual candidates from being
accepted by both searches. The Emiss

T distribution before
vetoing events with low Emiss

T is shown in Fig. 7.

7 Combination method

The limit-setting procedure uses the power-constrained
profile likelihood method known as the Power Constrained
Limit, PCL [13, 14, 64]. This method is preferred to the
more familiar CLs [15] technique because the constraint
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is more transparently defined and it has reduced overcov-
erage resulting in a more precise meaning of the quoted
confidence level. The resulting PCL median limits have
been found to be around 20% tighter than those obtained
with the CLs method in several Higgs searches. The ap-
plication of the PCL method to each of the individual
Higgs boson search channels is described in Refs. [7–11].
A similar procedure is used here. The individual analyses
are combined by maximising the product of the likelihood
functions for each channel and computing a likelihood ra-
tio. A single signal normalisation parameter µ is used for
all analyses, where µ is the ratio of the hypothesised cross
section to the expected Standard Model cross section.

Each channel has sources of systematic uncertainty,
some of which are common with other channels. Table 7
lists the common sources of systematic uncertainties, which
are taken to be 100% correlated with other channels. Let
the search channels be labelled by l (l = H ! ##, H !
WW , . . . ), the background contribution, j, to channel l
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10 ATLAS collaboration: Search for the Standard Model Higgs Boson

Table 5. Numbers of events estimated as background, observed in data and expected from signal in the H ! ZZ ! !!qq search
for low mass (mH < 360 GeV) and high mass (mH " 360 GeV) selections. The signal, quoted at two mass points, includes small
contributions from !!!! and !!"" decays. Electron and muon channels are combined. The uncertainties shown are the statistical
and systematic uncertainties, respectively.

Source low mass selection high mass selection
Z+jets 214± 4± 27 9.1± 0.9± 1.4
W+jets 0.33 ± 0.16 ± 0.17 #

tt̄ 0.94 ± 0.09 ± 0.25 0.08 ± 0.02± 0.03
Multi-jet 3.81 ± 0.65 ± 1.91 0.11 ± 0.11± 0.06

ZZ 3.80 ± 0.10 ± 0.73 0.30 ± 0.03± 0.06
WZ 2.83 ± 0.05 ± 0.88 0.29 ± 0.02± 0.10

Total background 226± 4± 28 9.9± 0.9± 1.5
H ! ZZ ! !!qq 0.60 ± 0.01 ± 0.12 (mH = 200 GeV) 0.24± (< 0.001) ± 0.05 (mH = 400 GeV)

Observed 216 11

data. The multi-jet background in the electron channel is
derived from a sample where the electron identification
requirements are relaxed. In the muon channel, the multi-
jet background is estimated from a simulated sample of
semi-leptonically decaying b- and c-quarks and found to be
negligible after the application of the m!! selection. This
was verified in data using leptons with identical charges.

6.3.2 Results for the H ! ZZ ! !!"" search

The H ! ZZ ! !!"" analysis is performed for Higgs
boson masses between 200 GeV and 600 GeV in steps of
20 GeV. Table 6 summarises the numbers of events ob-
served in the data, the estimated numbers of background
events and the expected numbers of signal events for two
selectedmH values. For the low mass selections, five events
are observed in data compared to an expected number of
events from background sources only of 5.8±0.5±1.3. The
corresponding results for the high mass selections are five
events observed in data compared to an expected yield of
3.5±0.4±0.8 events from background sources only. In ad-
dition to the H ! ZZ ! !!"" decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H ! WW (!) !
!"!" decays can lead to final states that are very similar
to H ! ZZ ! !!"" decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H ! WW (!) ! !"!" de-
cays relative to that from H ! ZZ ! !!"" decays is 76%
for mH = 200 GeV and 9% for mH = 300 GeV. The kine-
matic selections prevent individual candidates from being
accepted by both searches. The Emiss

T distribution before
vetoing events with low Emiss

T is shown in Fig. 7.

7 Combination method

The limit-setting procedure uses the power-constrained
profile likelihood method known as the Power Constrained
Limit, PCL [13, 14, 64]. This method is preferred to the
more familiar CLs [15] technique because the constraint
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is more transparently defined and it has reduced overcov-
erage resulting in a more precise meaning of the quoted
confidence level. The resulting PCL median limits have
been found to be around 20% tighter than those obtained
with the CLs method in several Higgs searches. The ap-
plication of the PCL method to each of the individual
Higgs boson search channels is described in Refs. [7–11].
A similar procedure is used here. The individual analyses
are combined by maximising the product of the likelihood
functions for each channel and computing a likelihood ra-
tio. A single signal normalisation parameter µ is used for
all analyses, where µ is the ratio of the hypothesised cross
section to the expected Standard Model cross section.

Each channel has sources of systematic uncertainty,
some of which are common with other channels. Table 7
lists the common sources of systematic uncertainties, which
are taken to be 100% correlated with other channels. Let
the search channels be labelled by l (l = H ! ##, H !
WW , . . . ), the background contribution, j, to channel l
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Visualizing the model for one channel
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Table 5. Numbers of events estimated as background, observed in data and expected from signal in the H ! ZZ ! !!qq search
for low mass (mH < 360 GeV) and high mass (mH " 360 GeV) selections. The signal, quoted at two mass points, includes small
contributions from !!!! and !!"" decays. Electron and muon channels are combined. The uncertainties shown are the statistical
and systematic uncertainties, respectively.

Source low mass selection high mass selection
Z+jets 214± 4± 27 9.1± 0.9± 1.4
W+jets 0.33 ± 0.16 ± 0.17 #

tt̄ 0.94 ± 0.09 ± 0.25 0.08 ± 0.02± 0.03
Multi-jet 3.81 ± 0.65 ± 1.91 0.11 ± 0.11± 0.06

ZZ 3.80 ± 0.10 ± 0.73 0.30 ± 0.03± 0.06
WZ 2.83 ± 0.05 ± 0.88 0.29 ± 0.02± 0.10

Total background 226± 4± 28 9.9± 0.9± 1.5
H ! ZZ ! !!qq 0.60 ± 0.01 ± 0.12 (mH = 200 GeV) 0.24± (< 0.001) ± 0.05 (mH = 400 GeV)

Observed 216 11

data. The multi-jet background in the electron channel is
derived from a sample where the electron identification
requirements are relaxed. In the muon channel, the multi-
jet background is estimated from a simulated sample of
semi-leptonically decaying b- and c-quarks and found to be
negligible after the application of the m!! selection. This
was verified in data using leptons with identical charges.

6.3.2 Results for the H ! ZZ ! !!"" search

The H ! ZZ ! !!"" analysis is performed for Higgs
boson masses between 200 GeV and 600 GeV in steps of
20 GeV. Table 6 summarises the numbers of events ob-
served in the data, the estimated numbers of background
events and the expected numbers of signal events for two
selectedmH values. For the low mass selections, five events
are observed in data compared to an expected number of
events from background sources only of 5.8±0.5±1.3. The
corresponding results for the high mass selections are five
events observed in data compared to an expected yield of
3.5±0.4±0.8 events from background sources only. In ad-
dition to the H ! ZZ ! !!"" decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H ! WW (!) !
!"!" decays can lead to final states that are very similar
to H ! ZZ ! !!"" decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H ! WW (!) ! !"!" de-
cays relative to that from H ! ZZ ! !!"" decays is 76%
for mH = 200 GeV and 9% for mH = 300 GeV. The kine-
matic selections prevent individual candidates from being
accepted by both searches. The Emiss

T distribution before
vetoing events with low Emiss

T is shown in Fig. 7.

7 Combination method

The limit-setting procedure uses the power-constrained
profile likelihood method known as the Power Constrained
Limit, PCL [13, 14, 64]. This method is preferred to the
more familiar CLs [15] technique because the constraint
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Fig. 7. Distribution of missing transverse energy in the H !
ZZ ! !!"" search in the electron channel before vetoing events
with low Emiss

T . The expected yield for a Higgs boson with
mH = 400 GeV is also shown.

is more transparently defined and it has reduced overcov-
erage resulting in a more precise meaning of the quoted
confidence level. The resulting PCL median limits have
been found to be around 20% tighter than those obtained
with the CLs method in several Higgs searches. The ap-
plication of the PCL method to each of the individual
Higgs boson search channels is described in Refs. [7–11].
A similar procedure is used here. The individual analyses
are combined by maximising the product of the likelihood
functions for each channel and computing a likelihood ra-
tio. A single signal normalisation parameter µ is used for
all analyses, where µ is the ratio of the hypothesised cross
section to the expected Standard Model cross section.

Each channel has sources of systematic uncertainty,
some of which are common with other channels. Table 7
lists the common sources of systematic uncertainties, which
are taken to be 100% correlated with other channels. Let
the search channels be labelled by l (l = H ! ##, H !
WW , . . . ), the background contribution, j, to channel l

After parametrizing each 
component of the mixture 
model, the pdf for a single 
channel might look like this
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Simultaneous multi-channel model
Simultaneous Multi-Channel Model: Several disjoint regions of 
the data are modeled simultaneously.  Identification of common 
parameters across many channels requires coordination between 
groups such that meaning of the parameters are really the same.

where

Control Regions: Some channels are not populated by signal 
processes, but are used to constrain the nuisance parameters
‣ convert ‘bad’ systematics into ‘good’ systematics
‣Prototypical Example: “on/off” problem with unknown 
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Constraint terms
Often detailed statistical model for auxiliary measurements that 
measure certain nuisance parameters are not available. 
‣ one typically has MLE for αp, denoted ap and standard error

Constraint Terms: are idealized densities for the MLE.

‣ common choices are Gaussian, Poisson, and log-normal 
‣New: careful to write constraint term a frequentist way.  
‣Previously:                                            with uniform η

Simultaneous Multi-Channel Model with constraints: 

where

32

fp(ap|↵p) for p 2 S

for p 2 SDsim = {D1, . . . ,Dc
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⇡(↵p|ap) = fp(ap|↵p)⌘(↵p)
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Combined ATLAS Higgs Search for 2011
State of the art: Our most recent combined Higgs search includes 70 disjoint 
channels and >100 nuisance parameters
‣ Models for individual channels come from about 11 sub-groups performing 

dedicated searches for specific Higgs decay modes
‣ In addition low-level performance groups provide tools for evaluating 

systematic effects and corresponding constraint terms
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Table 3: Summary of the individual channels contributing to the combination. The central number in the
three-part mass ranges indicates the transition from low-mH to high-mH optimised event selections.

Higgs Decay Subsequent Additional Sub-Channels mH L [fb!1]Decay Range
H " γγ – 9 sub-channels (pTt#ηγ # conversion) 110-150 4.9

H " ZZ
!!!$!$ {4e,2e2µ ,2µ2e,4µ} 110-600 4.8
!!ν  ν {ee,µµ} # {low pile-up, high pile-up} 200-280-600 4.7
!!q  q {b-tagged, untagged} 200-300-600 4.7

H "WW !ν!ν {ee,eµ ,µµ} # {0-jet, 1-jet, VBF} 110-300-600 4.7
!νqq$ {e,µ} # {0-jet, 1-jet} 300-600 4.7

H " τ+τ!

!!4ν {eµ}#{0-jet} % {1-jet, VBF,VH} 110-150 4.7

!τhad3ν {e,µ} # {0-jet} # {Emiss
T ! 20 GeV} 110-150 4.7% {e,µ} # {1-jet, VBF}

τhadτhad2ν {1-jet} 110-150 4.7

VH " bb
Z" νν Emiss

T & {120!160,160!200,' 200 GeV} 110-130 4.6
W " !ν pWT & {< 50,50!100,100!200,' 200 GeV} 110-130 4.7
Z" !! pZT & {< 50,50!100,100!200,' 200 GeV} 110-130 4.7

• H " ZZ(() " !+!!!+!!: This analysis is unchanged with respect to the previous combined203

search [?]. The search is performed for mH hypotheses in the full 110 GeV to 600 GeV mass204

range using data corresponding to an integrated luminosity of 4.8 fb!1 [?]. The main irreducible205

ZZ(() background is estimated using Monte Carlo simulation. The reducible Z+jets background,206

which has an impact mostly for low four-lepton invariant masses, is estimated from control re-207

gions in the data. The top-quark (t  t) background normalisation is validated using a dedicated208

control sample. The events are categorised according to the lepton flavour combinations. The209

mass resolutions are approximately 1.5% in the four-muon channel and 2% in the four-electron210

channel for mH)120 GeV. The four-lepton invariant mass is used as a discriminating variable.211

• H " ZZ" !+!!νν update: The analysis described in [?,?] was based on an integrated luminos-212

ity of 2.05 fb!1 and was optimised for two search regions with mH hypotheses above and below213

280 GeV and two lepton flavour categories. To achieve the best sensitivity, the present search,214

which uses an integrated luminosity of 4.7 fb!1 [?], is additionally split between the first 2.3 fb!1
215

of “low pile-up” collision data, where the average number of interactions per bunch crossing was216

about 6, and the latter 2.4 fb!1 of “high pile-up” collisions, where the average number of interac-217

tions per bunch crossing was about 12. The selection is unaltered between the periods. The !+!!218

pair invariant mass is required to be within 15 GeV of the Z-boson mass. The reverse requirement219

is applied to same-flavour leptons in the H "WW (() " !+ν!!ν channel to avoid overlaps. The220

transverse mass of the dilepton and missing transverse energy system is used as a discriminating221

variable.222

• H " ZZ " !+!!qq update: This analysis is updated with respect to the previous combined223

search [?]. The previous analysis used a dataset corresponding to an integrated luminosity of224

2.05 fb!1 [?], while the current analysis is based on an integrated luminosity of 4.7 fb!1 [?]. It225

takes advantage of an improved b-tagging algorithm [?] and of the larger sample of data to better226

constrain systematic uncertainties on the background yield. The analysis is separated into search227

regions above and below mH=300 GeV, where the event selections are independently optimised.228

The dominant background arises from Z+jets production, which is normalised from data using229
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Visualizing the combined model
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State of the art: Our most recent combined Higgs search includes 70 
disjoint channels and >100 nuisance parameters

RooFit / RooStats: is the modeling language (C++) which provides 
technologies for collaborative modeling
‣ provides technology to publish likelihood functions digitally
‣ and more, it’s the full model so we can also generate pseudo-data
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Statistical tests
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Types of statistical tests
Remember, we haven’t discovered a new particle since 1995 and 
we have been searching for the Higgs boson for many decades
‣ particle physics takes a very conservative approach towards 

discovery and exclusion

Particle physicists are also ‘frequentist dinosaurs’ in that we worry 
a lot about coverage of our confidence intervals etc.
‣ We also use Bayesian techniques, but there is a general dislike 

for assigning prior probabilities to theoretical parameters like 
the mass of the Higgs boson or priors on models (ie. prior 
probability that the Higgs boson exists at all)

With the full model                               we can easily make 
likelihood function and Bayesia posterior, converse is not true.
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Timeline of the test statistic
In 1990’s the LEP experiments had small systematic uncertainties, 
so the search for the Higgs was essentially a simple hypothesis test
‣ use of likelihood ratio following from Neyman-Pearson lemma

In 2000’s the Tevatron experiments moved towards 
‣ profiling nuisance parameters, but testing null against specific 

alternative

Recently, the LHC experiments moved towards profile likelihood ratio
‣ Wilks’s theorem: asymptotic distribution is independent of θ
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Hybrid resampling / profile construction
Until recently, practice was to compute p-values with a Hybrid 
Bayesian-Frequentist procedure in which the nuisance 
parameters were marginalized with respect to some prior 

Frequentist p-values should be calculated for a specific point in µ,θ  

Confidence interval for parameter of interest, consists of µ such 
that                                              for all θ
‣ checking condition for all θ is computationally challenging!
‣ approximate by considering only 
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Choice of test statistic
An important property of the profile likelihood ratio test statistic is that 
under certain conditions its asymptotic distribution is known
‣ Wilks’s theorem [Ann. Math. Statist. 9 (1938)]:

‣ Wald’s theorem [Trans.  Amer. Math. Soc. V54, No. 3 (1943)]

‣ with non-centrality parameter given by the Fisher information matrix

Our parameter of interest µ bounded physically to be non-negative
‣ fairly easy to incorporate the effect of boundary

Perhaps a clever trick for calculating the expected Fisher information matrix
‣ “Asimov data” is an artificial dataset with special properties
‣ observed Fisher information on Asimov = expected Fisher information
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f(�2 ln�(µ)|µ,✓) chi-square, independent of θ

f(�2 ln�(µ)|µ0,✓) non-central chi-square

sample limit and are in fact found to provide accurate results even for fairly small sample sizes.
For very small data samples one always has the possibility of using Monte Carlo methods to
determine the required distributions.

3.1 Approximate distribution of the profile likelihood ratio

Consider a test of the strength parameter µ, which here can either be zero (for discovery) or
nonzero (for an upper limit), and suppose the data are distributed according to a strength
parameter µ0. The desired distribution f(qµ|µ0) can be found using a result due to Wald [2],
who showed that for the case of a single parameter of interest,

�2 ln�(µ) =
(µ� µ̂)2

�2

+O(1/
p
N) . (17)

Here µ̂ follows a Gaussian distribution with a mean µ0 and standard deviation �, and N
represents the data sample size. The standard deviation � of µ̂ is obtained from the covariance
matrix of the estimators for all the parameters, Vij = cov[✓̂i, ✓̂j ], where here the ✓i represent
both µ as well as the nuisance parameters (e.g., take ✓

0

= µ, so �2 = V
00

). In the large-
sample limit, the bias of ML estimators in general tend to zero, in which case we can write
the inverse of the covariance matrix as

V �1

ij = �E

"
@2 lnL

@✓i@✓j

#

, (18)

where the expectation value assumes a strength parameter µ0. The approximations presented
here are valid to the extent that the O(1/

p
N) term can be neglected, and the value of � can

be estimated, e.g., using Eq. (18). In Sec. 3.2 we present an alternative way to estimate �
which lends itself more directly to determination of the median significance.

If µ̂ is Gaussian distributed and we neglect the O(1/
p
N) term in Eq. (17), then one can

show that the statistic tµ = �2 ln�(µ) follows a noncentral chi-square distribution for one
degree of freedom (see, e.g., [9]),

f(tµ;⇤) =
1

2
p
tµ

1p
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exp

✓
�1

2
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tµ +

p
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⌘
2
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+ exp

✓
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2
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p
⇤
⌘
2

◆�
, (19)

where the noncentrality parameter ⇤ is

⇤ =
(µ� µ0)2

�2

. (20)

For the special case µ0 = µ one has ⇤ = 0 and �2 ln�(µ) approaches a chi-square distribution
for one degree of freedom, a result shown earlier by Wilks [1].

The results of Wilks and Wald generalize to more than one parameter of interest. If
the parameters of interest can be explicitly identified with a subset of the parameters ✓r =
(✓

1

, . . . , ✓r), then the distribution of �2 ln�(✓r) follows a noncentral chi-square distribution
for r-degrees of freedom with noncentrality parameter

⇤r =
rX

i,j=1

(✓i � ✓0i) Ṽ
�1

ij (✓j � ✓0j) , (21)
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The Asimov dataset
The expected Fisher information is not trivial to compute for an arbitrary model

In the case of a binned distribution, the expected Fisher information is identical to 
the observed Fisher information calculated with an artificial dataset, referred to as 
the Asimov data
‣ follows from fact that                                     is linear in n 
‣ The bin contents for the Asimov data are exactly the expectation of the model 

(non-integer in general)
This is a very convenient numerical trick to calculate:
‣ expected Fisher information
‣ non-centrality parameter (Wald’s theorem)
‣ Jeffreys’s Prior (also helps with reference prior)

● Recent progress in Reference analysis in particle physics:
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Figure 9: The distributions
f(qµ|0) (red) and f(qµ|µ) (blue)
from both the asymptotic formulae
and Monte Carlo histograms (see
text).

The vertical line in Fig. 9 gives the median value of qµ assuming a strength parameter
µ

! = 0. The area to the right of this line under the curve of f(qµ|µ) gives the p-value of
the hypothesized µ, as shown shaded in green. The upper limit on µ at a confidence level
CL = 1!! is the value of µ for which the p-value is pµ = !. Figure 9 shows the distributions
for the value of µ that gave pµ = 0.05, corresponding to the 95% CL upper limit.

In addition to reporting the median limit, one would like to know how much it would vary
for given statistical fluctuations in the data. This is illustrated in Fig. 10, which shows the
same distributions as in Figure 9, but here the vertical line indicates the 15.87% quantile of the
distribution f(qµ|0), corresponding to having µ̂ fluctuate downward one standard deviation
below its median.
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q
µ

15.87% quantile (median!1#)

Figure 10: The distributions
f(qµ|0) (red) and f(qµ|µ) (blue) as
in Fig. 9 and the 15.87% quantile of
f(qµ|0) (see text).

By simulating the experiment many times with Monte Carlo, we can obtain a histogram
of the upper limits on µ at 95% CL, as shown in Fig. 11. The ±1" (green) and ±2" (yellow)
error bands are obtained from the MC experiments. The vertical lines indicate the error
bands as estimated directly (without Monte Carlo) using Eqs. (88) and (89). As can be seen
from the plot, the agreement between the formulae and MC predictions is excellent.

Figures 9 through 11 correspond to finding upper limit on µ for a specific value of the peak
position (mass). In a search for a signal of unknown mass, the procedure would be repeated
for all masses (in practice in small steps). Figure 12 shows the median upper limit at 95% CL
as a function of mass. The median (central blue line) and error bands (±1" in green, ±2" in
yellow) are obtained using Eqs. (88) and (89). The points and connecting curve correspond
to the upper limit from a single arbitrary Monte Carlo data set, generated according to the
background-only hypothesis. As can be seen, most of the plots lie as expected within the
±1" error band.
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Comparison of asymptotic and ensembles
Compare asymptotic distributions to distributions obtained with large 
ensembles of pseudo-experiments generated with Monte Carlo techniques
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Figure 11: Distribution of the
upper limit on µ at 95% CL, as-
suming data corresponding to the
background-only hypothesis (see
text).
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Figure 12: The median (central
blue line) and error bands (±1! in
green, ±2! in yellow) for the 95%
CL upper limit on the strength pa-
rameter µ (see text).

6 Implementation in RooStats

Many of the results presented above are implemented or are being implemented in the
RooStats framework [15], which is a C++ class library based on the ROOT [16] and RooFit [17]
packages. The tools in RooStats can be used to represent arbitrary probability density func-
tions that inherit from RooAbsPdf, the abstract interfaces for probability density functions
provided by RooFit.

The framework provides an interface with minimization packages such as Minuit [18].
This allows one to obtain the estimators required in the the profile likelihood ratio: µ̂,

!̂, and ˆ̂
!. The Asimov dataset defined in Eq. (24) can be determined for a probability

density function by specifying the ExpectedData() command argument in a call to the
generateBinned method. The Asimov data together with the standard HESSE covariance
matrix provided by Minuit makes it is possible to determine the Fisher information matrix
shown in Eq. (28), and thus obtain the related quantities such as the variance of µ̂ and the
noncentrality parameter !, which enter into the formulae for a number of the distributions
of the test statistics presented above.

The distributions of the various test statistics and the related formulae for p-values, sensi-
tivities and confidence intervals as given in Sections 2, 3 and 4 are being incorporated as well.
RooStats currently includes the test statistics tµ, t̃µ, q0, and q,qµ, and q̃µ as concrete imple-
mentations of the TestStatistic interface. Together with the Asimov data, this provides
the ability to calculate the alternative estimate, !A, for the variance of µ̂ shown in Eq. (30).
The noncentral chi-square distribution is being incorporated into both RooStats and ROOT’s
mathematics libraries for more general use. The various transformations of the noncentral
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G. Cowan, KC, E. Gross, O. Vitells
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[arXiv:1007.1727]

This is a significant development as 
building this distribution from 
Monte Carlo approaches can take
100,000 CPU hours for Higgs search!
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Importance sampling
At Banff, M. Woodroofe presented an approach to importance sampling

‣ The importance density was based on a model averaged over some 
parameters, which is technically difficult for complex models

‣ since then, we 
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Sven Kreiss

Importance Sampling with Multiple Importance Densities

Adaptive number of importance densities:
➡ get error at μ̂ and use this to estimate the number of necessary importance densities 

to have the tails overlap at some target maximum number of standard deviations
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Sven Kreiss

Importance Sampling with Multiple Importance Densities

Adaptive number of importance densities:
➡ get error at μ̂ and use this to estimate the number of necessary importance densities 

to have the tails overlap at some target maximum number of standard deviations
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Sven Kreiss

Some Tests

The agreement is good between toys from 
Importance Sampling and Asymptotics.

This is also validated with our Council 
results at the ~3.5σ level.
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The agreement is good between toys from 
Importance Sampling and Asymptotics.

This is also validated with our Council 
results at the ~3.5σ level.
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Just to mention
Presence of physical boundary µ≥0 leads to complications in 1-sided 
upper-limits
‣ re-opened discussion on the “CLs method” and pushed it forward to 

a discussion on negatively biased relevant subsets, conditional 
coverage, and statistical evidence proposed by Allan Birnbaum.
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Monte Carlo, asymptotics, vs. Bayesian
Here we see comparisons of explicit ensembles generated with 
Monte Carlo techniques, the asymptotic results, and Bayesian 
results using MCMC and nested sampling with a uniform prior on µ
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Jeffreys’s Prior
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  RooWorkspace w("w");
  w.factory("Uniform::u(x[0,1])");
  w.factory("mu[100,1,200]");
  w.factory("ExtendPdf::p(u,mu)");

  w.defineSet("poi","mu");
  w.defineSet("obs","x");
  //  w.defineSet("obs2","n");

  RooJeffreysPrior pi("jeffreys","jeffreys",*w.pdf("p"),*w.set("poi"),*w.set("obs"));
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where the final equality above exploits the fact that the estimators for the parameters are
equal to their hypothesized values when the likelihood is evaluated with the Asimov data set.

A standard way to find ! is by estimating the matrix of second derivatives of the log-
likelihood function (cf. Eq. (18)) to obtain the inverse covariance matrix V !1, inverting to
find V , and then extracting the element V00 corresponding to the variance of µ̂. The second
derivative of lnL is
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From (27) one sees that the second derivative of lnL is linear in the data values ni and mi.
Thus its expectation value is found simply by evaluating with the expectation values of the
data, which is the same as the Asimov data. One can therefore obtain the inverse covariance
matrix from
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In practice one could, for example, evaluate the the derivatives of lnLA numerically, use this
to find the inverse covariance matrix, and then invert and extract the variance of µ̂. One can
see directly from Eq. (28) that this variance depends on the parameter values assumed for
the Asimov data set, in particular on the assumed strength parameter µ", which enters via
Eq. (22).

Another method for estimating ! (denoted !A in this section to distinguish it from the
approach above based on the second derivatives of lnL) is to find find the value that is neces-
sary to recover the known properties of !%A(µ). Because the Asimov data set corresponding
to a strength µ" gives µ̂ = µ", from Eq. (17) one finds

! 2 ln%A(µ) "
(µ! µ")2

!2
= ! . (29)

That is, from the Asimov data set one obtains an estimate of the noncentrality parameter !
that characterizes the distribution f(qµ|µ"). Equivalently, one can use Eq. (29) to obtain the
variance !2 which characterizes the distribution of µ̂, namely,

!2
A =

(µ! µ")2

qµ,A
, (30)

where qµ,A = !2 ln%A(µ). For the important case where one wants to find the median
exclusion significance for the hypothesis µ assuming that there is no signal, then one has
µ" = 0 and therefore

!2
A =

µ2

qµ,A
, (31)

11

Jeffreys’s Prior and Reference prior require expected Fisher information

The Asimov data provides a fast, convenient way to calculate the Fisher Information

Use this as basis to calculate 
Jeffreys’s prior for an arbitrary PDF! Validate on a Poisson

Analytic
RooStats numerical
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Discovery of the Higgs boson ~ reject null hypothesis. 
‣ Null: background-only            Alternate: signal+background
‣ Discovery criteria traditionally 5σ  (p < 2.8 10-7)
‣ Both ATLAS and CMS see ~3σ excess around mH=125 GeV
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Higgs results & look-elsewhere effect
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Look-elsewhere effect
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LookJelsewhere!effect!
•  Approxima.on!best!above!3σ!
•  Example:!

–  qtest=!4.5!(2.1σ)!!
–  3!crossings!at!0.5σ!!
–  significance!reduced!
!to!about!0.3σ!!

–  trials!factor!about!22!

12/7/11! Higgs!Combina.on!Confnote!Approval!

p0
global ! p0

local + N(qref )  e"(qtest"qref )/2

3!crossings! Local&
σ&

Crossings& σ&
ref.&

Trials&
factor&

Global&
σ&

3.5! 3! 1.0! 47! 2.3!

5.0! 3! 2.0! 290! 3.8!

7.0! 3! 2.0! 400! 6.1!

4!R. B. Davies,Hypothesis testing when a nuisance parameter is present only under the alternative, Biometrika 64 (1977);  Biometrika 74 (1987).

Typically our signal model has
some location parameter, which do
not affect the null.

This modifies the distribution of the 
likelihood ratio test statistic

we call this the “look-elsewhere effect”

Recently Gross & Vitells found the results 
of Rice, Davies, and Leadbetter for a fast 
asymptotic approximation for the global 
p-value

E. Gross & O. Vitells, Eur.Phys.J. C70 (2010); 
Astropart.Phys. 35 (2011) 

http://www.springerlink.com/content/tw01166x4175l336/
http://www.springerlink.com/content/tw01166x4175l336/
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Deviations from the asymptotic distributions
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Even if we fix the location of the 
signal some systematic effects are 
equivalent to small uncertainty in the 
location (e.g. energy calibration).

Eilam Gross, Ofer Vitells: Trial factors for the look elsewhere e!ect in high energy physics 5
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Fig. 1. (top) An example pseudo-experiment with background only. The solid line shows the best signal
fit, while the dotted line shows the background fit. (bottom) The likelihood ratio test statistic q(m). The
dotted line marks the reference level c0 with the upcrossings marked by the dark dots. Note the broadening
of the fluctuations as m increases, reflecting the increase in the signal gaussian width.

Figure 3 shows the corresponding trial factor,
compared to the bound calculated from eq.(3)
and the asymptotic approximation of eq.(12).
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Fig. 3. The trial factor estimated from toy Monte
Carlo simulations (solid line), with the upper bound
of eq.(3) (dotted black line) and the asymptotic ap-
proximation of eq.(12) (dotted red line). The yellow
band represents the statistical uncertainty due to the
limited sample size.

We consider in addition a case where the
number of degrees of freedom is more than one.
For this purpose, we assume several indepen-
dent channels, each identical to the one described
above, and where the signal normalizations (µ1, ..., µs)
are free parameters. (This could represent, for
example, a case where one is searching for a res-
onance in several decay channels, with unknown
branching ratios). The reference level is chosen
to be c0 = s! 1 as discussed in the previous sec-
tion. The resulting distributions and trial factors
for s = 2, 3 are shown in figures 4 and 5. As be-
fore, the the bound (3) agrees with the observed
p-value, within statistical variation. The rate at
which the asymptotic approximation (11) con-
verges to the bound becomes slower when the
number of degrees of freedom increases, mak-
ing it less accurate, however the trend of linear
growth is evident.

4 Conclusions

The look-elsewhere e!ect presents a case when
the standard regularity conditions of Wilks’ the-
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fit, while the dotted line shows the background fit. (bottom) The likelihood ratio test statistic q(m). The
dotted line marks the reference level c0 with the upcrossings marked by the dark dots. Note the broadening
of the fluctuations as m increases, reflecting the increase in the signal gaussian width.

Figure 3 shows the corresponding trial factor,
compared to the bound calculated from eq.(3)
and the asymptotic approximation of eq.(12).
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are free parameters. (This could represent, for
example, a case where one is searching for a res-
onance in several decay channels, with unknown
branching ratios). The reference level is chosen
to be c0 = s! 1 as discussed in the previous sec-
tion. The resulting distributions and trial factors
for s = 2, 3 are shown in figures 4 and 5. As be-
fore, the the bound (3) agrees with the observed
p-value, within statistical variation. The rate at
which the asymptotic approximation (11) con-
verges to the bound becomes slower when the
number of degrees of freedom increases, mak-
ing it less accurate, however the trend of linear
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Leadbetter

mM = 2

A more subtle effect
Even if we fix the location of the 
signal some systematic effects are 
equivalent to small uncertainty in the 
location (e.g. energy calibration).

These parameters are slowing 
convergence to the asymptotic 
distribution and variance may not 
reduce with more data.

O. Vitells found exact solution by 
Leadbetter for the case of only one such 
nuisance parameter
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Ofer Vitells
January 12, 2012

Energy scale uncertainties “look elsewhere e!ect”

Consider a model with a mass (location) parameter M0 and a signal strength parameter µ,
defined by the likelihood function

L0(µ,M0). (1)

We now introduce an energy scale (ES) nuisance parameter ! constrained by a Gaussian
(pseudo)-measurement term, that shifts the signal location. The likelihood function is now

L(µ,M0, !) = L0(µ,M0(1 + !))G(!!|!,"ES ). (2)

(Note: it is assumed here that ! has no other e!ect on the model other then shifting the
signal). The profile likelihood test statistic at a fixed mass M0 is

q(M0) = !2 log
L(µ = 0,M0,

ˆ̂! = !!)

L(µ̂,M0, !̂)
(3)

Defining M " M0(1 + !), this can be written as

q(M0) = max
M

!
2 log

L0(µ̂,M)

L0(µ = 0)
!
"
M/M0 ! 1! !!

"ES

#2
$

(4)

= max
M

!
q0(M)!

"
M/M0 ! 1! !!

"ES

#2
$

where q0(M) is the profile likelihood test statistic of the model without the ES uncertainty,
which is a #2 random field. We see that the local test statistic q(M0) involves a maximization
over M which is constrained by the Gaussian term to the region near M0. The uppcrossings
of the constrained field above a level u0 are equal to the upcrossings of the unconstrained #2

field above u(M) = u0 +
%
M/M0"1"!!

"ES

&2
, as illustrated in Fig.1.

We recall that the expected number of upcrossings of q0(M) above a fixed level u is (Rice
formula):

E[Nu] = N1e
"u/2. (5)

We are now interested in the upcrossings of q0(M) above u(M). A generalization of Eq.(5)
for the upcrossings above an arbitrary curve exists for a stationary gaussian process (H.R.
Leadbetter, 1965). The expected number of upcrossings is given by:

E[Nu] = "2

'
$(u(M))

(
$

"
u#(M)

"2

#
+

u#(M)

"2

)
"

"
u#(M)

"2

#
! 1

2

*+
dM (6)

1
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Figure 1: Example of q0(M) and the gaussian constraint. We are interested in upcrossings
of q0(M) above the dotted line.

where ! and ! are the standard normal density and cumulative probability functions, u!(M)
is the derivative of u(M), and "2 is related to N1 via

"2 =
2#N1

|"| (7)

|"| being the length of the mass range. ("2 can be thought of as representing the mass
resolution).

Note that Eq.(6) gives the upcrossings of a Gaussian field while q0(M) is a $2 field (which
is a Gaussian field squared), so one has to substitute

!
u for u in (6) to get the equivalent

crossings of q0(M). It is then easily verified that Eq.(6) reduces to Eq.(5) for a constant level.

The stationarity assumed in Eq.(6) means that "2 is constant in the range, which might not
hold for a general case. However since only the small region around M0 contributes to the
number of upcrossings then it su#ces to require stationarity in this region which in general
will be true, as long as "ES is not very large. "2 might however change as a function of M0 and
therefore (7) will not hold for the entire range. The integral in Eq.(6) is rather complicated
but can be easily evaluated numerically for any given "2.

Numerical simulation

We use a simple model of a gaussian signal on top of a flat background, with an unbinned
likelihood. The mass range is set to [0,200] and the signal width to 5 (the total number of
background events in the range is 2000). An example of q0(M) is shown in Fig.(1). The signal
width is kept fixed so Eq (7) is used to calculate "2, where N1 is the mean number of zero-
level upcrossings in the entire range, when the ES uncertainty is not included in the model;
it is found to be equal to 4.17 from the simulations. Fig.(2)-(4) shows the mean number
of upcrossings in 20000 background simulations for several values of "M . The generalized
Rice formula (calculated numerically) is shown as the solid black line and is consistent with
the simulations. The upper and lower bounds calculated in the appendix are also shown as
dotted colored lines, and the 1

2$
2 probability as the dotted black line, which is the limit of

no ES uncertainty.

2

q0

(H.R. Leadbetter, 1965
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and
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Interpolation of distributions based on simulated samples with different 
parameter settings
‣ currently one-at-a-time variation of nuisance parameters
‣ need multivariate interpolation procedures
‣ clearly a weak point of our current modeling approach

As we improve treatment of uncertainties that are statistical in nature, 
attention turning towards truly systematic uncertainties

‣ We have something to learn from Brad Efron’s talk on about model selection

The complexity of our statistical models is growing exponentially, starting to 
need new algorithms to deal with them or principles for simplifying them 

‣ graphical models look promising

Publishing likelihood functions is technically possible, but significant 
sociological and psychological barriers
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Challenges & Difficulties
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Conclusions
Particle physics is a unique arena for scientific statistical computing
‣ relatively classical statistical questions in an extreme setting
‣ very precise theoretical predictions, lots of data

Collaborative statistical modeling is growing into a powerful scientific tool.  
‣ we are seeing exponential increases in complexity in the models 

over the last year and a half
‣ quickly outstripping our tools for maximum likelihood and also our 

MCMC sampling
‣ a potential revolution in how we publish our results

Hopefully we will put what we learned from 12 years of PhyStat 
conferences towards a major discovery soon!

Thank you!
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