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• Statistics... what is it?

• For example, Statistics in Particle Physics involves:

• looking at histograms, probability distributions

• fits for parameter estimation

• data unfolding, cross-section determination

• setting limits in absence of signal

Introduction

theory predictions
theorydata

2



Why become a Statistics expert

• Necessary for Particle Physics

• See Higgs boson discovery

• Applications in finance and risk management

• See job offers in consulting companies... Ph.D. in 
physics a common requirement!

In this lecture:

• Basics of Statistics

• Introduction to Roofit / Roostats

• Some code examples

Introduction
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B. Introduction 

Risk Measure 

Value-at-Risk (VaR) 
The Value-at-Risk of a portfolio over a certain time 
horizon T is the maximum loss which will not be 
exceeded with a given probability (one sided 
confidence level). 
 

VaR is measured in monetary units (e.g. ).  
VaR is the risk measure mainly used in conjunction 
with regulatory and economic capital  
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P&L Distribution

0 95% VaR 
99% VaR 

Estimated Portfolio P&L Distribution 

VaR quantifies potential portfolio losses based on historical data  
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• Random variable:   Its value cannot be predicted, instead the probability for 
obtaining a value can be expressed

• Probability (frequentistic):

• The set of P(n1), P(n2), ... P(ni) defines a probability distribution

Probability

Rolling dices: a simple discrete-variable experiment
10 trials 1M trials, normalized
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• Probability density function (pdf):   defined for continuous variables

• The random variable (x) can be independent observations or repetitions of a 
given experiment

• In HEP it usually is the number of events found in a given experiment, where 
event refers to the measurement of a given quantity (i.e. mass, cross-section)

Probability density function

the pdf, not a probability

the probability

pdfs are always normalized to unity

a set of random variables

a set of parameters

a parametrized pdf
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• The probability of obtaining a set of observations / measurements derives from 
the product of the pdf for each individual measurement (xi)

• For a given set of observations x!xobserved, P(xobserved | ") is not a pdf and is a 
function of " only

• Likelihood function:

Likelihood function

6



• Unbinned likelihood:  

• Binned likelihood:

Binned and unbinned likelihood

bin is a range in variable x, say xi+dx

ni in this case is the number of events 
measured in range xi+dx

xi in this case is the result of the i-th measurement

! computationally slow 
for large N, but can use 
the full event information

! ideal for small N and 
multi-dimensional fits

! much faster, but result depends on the binning

! ideal for large N
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• Likelihood function can be easily interpreted and applied on event-by-event level. 
The !2 method cannot be applied on event level... (or at least it is not straight-
forward)

• It can be shown that ML converges faster and with better efficiency. Unless there 
are special conditions (i.e. limitations in computing power), experts recommend to 
use ML method.

• ML does not have a problem when there are bins with zero or few events. The !2 
method is wrong when bin has less than 4 events!

Likelihood vs !2 method
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• observable:   quantity directly measured by an experiment and 
present in a data set. 

• model:   a pdf that describes/predicts the distribution of certain 
observables, normalized to unity.

• parameter of interest:   the model parameter that we want to 
estimate / set limits on (eg. mass, x-section)

• nuisance parameters:   the model parameters that are known with 
limited precision and are not ʻinterestingʼ in the above sense (eg. 
background normalization, shape parameters, systematic unc.)

• fitting:   the set of statistical tests we run to estimate a parameter θ 
given some data x and a model P(x |θ)

• Maximum likelihood estimate:  the result of the ML fit

Terminology
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• ROOT is the standard analysis package used in HEP 

• Can be downloaded from the site: http://root.cern.ch/drupal/

• Available binaries and source code to compile in your system

• RooFit is a ROOT library providing a complete toolkit for data analysis

• Comes with ROOT; if compiling ROOT locally, when running configure 
use flag:   --enable-roofit

• To use it, just add in your macros:     using namespace RooFit;

• Documentation:  http://root.cern.ch/drupal/content/roofit

• RooStats is a set of statistical tools built on top of RooFit, distributed with ROOT

• To use it:        using namespace RooFit;      

• Apart from online documentation, plenty of helpful examples in ROOT:            
$ROOTSYS/tutorials/roofit,  $ROOTSYS/tutorials/roostats  

ROOT, RooFit, RooStats

using namespace RooStats;
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• Create a simple pdf, plot it and project with pseudo-data

Simple pdf

using namespace RooFit;

  RooRealVar x("x","some random variable",-1,1);
  RooRealVar mu("mu","gaussian mean value",0,-1,1);
  RooRealVar sigma("sigma","gaussian width",0.2,0.1,0.3);

  RooGaussian myPdf("myPdf","gaussian pdf",x,mu,sigma);  

Research Summary

Ioannis Nomidis, March 2013

L =
�

i

G(mi|µ, σ) (1)

1
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  RooRealVar mean("mean","mean of gaussians",3097,3000,3200,"MeV");
  RooRealVar sigma1("sigma1","width of gaussian 1",30,0,100,"MeV");
  RooRealVar sigma2("sigma2","width of gaussian 2",80,50,200,"MeV");
  
  RooGaussian gauss1("gauss1","Signal component 1",m,mean,sigma1) ;  
  RooGaussian gauss2("gauss2","Signal component 2",m,mean,sigma2) ;  
  RooRealVar a("a","",0.5,0,1);
  RooAddPdf  signal_model("signal_model","a*G1+(1-a)*G2",RooArgList(gauss1,gauss2),a) ;

• Fit a simple mass distribution

Adding pdfs

Research Summary

Ioannis Nomidis, March 2013

L =
�

i

f1 · G(mi|µ, σ1) + (1− f1) · G(mi|µ, σ2) (1)

1

Extract signal parameters 
(mean and sigma)
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• Fit a signal+background mass distribution

Signal+background pdf

Research Summary

Ioannis Nomidis, March 2013

L =
�

i

f1 · G(mi|µ, σ1) + f2 · G(mi|µ, σ2) + (1− f1 − f2)Fbg(mi, a) (1)

L =
�

i

fsig · Fsig(mi|µ, σ1, σ2) + (1− fsig)Fbg(mi, a) (2)

1

Extract the signal 
parameters and signal 
fraction

  RooRealVar fsig("fsig","",0.8,0,1);
  RooAddPdf model("model","",RooArgList(signal_model,bkg_model),fsig);
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• Extended likelihood

Extended likelihood

Research Summary

Ioannis Nomidis, March 2013

L =
�

i

f1 · G(mi|µ, σ1) + f2 · G(mi|µ, σ2) + (1− f1 − f2)Fbg(mi, a) (1)

L =
�

i

fsig · Fsig(mi|µ, σ1, σ2) + (1− fsig)Fbg(mi, a) (2)

L =
�

i

�
nsig

nsig + nbg
· Fsig(mi|µ, σ1, σ2) +

nbg

nsig + nbg
Fbg(mi, a)

�

· P (nsig + nbg, N) (3)

1

Usually, we don’t need the 
signal fraction but the 
number of signal and 
background events

  RooRealVar nsig("nsig","",50000,0,1e6);
  RooRealVar nbkg("nbkg","",150000,0,1e6);
  RooAddPdf model("model","",RooArgList(signal_model,bkg_model),RooArgList
(nsig,nbkg));
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• Other possibilities for composite models

Composite models

Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

HCP Summer School, Sept. 2013

RooFit: A data modeling toolkit

49
Wouter Verkerke, UCSB 

Building realistic models

– Composition (‘plug & play’)

– Convolution

g(x;m,s)m(y;a0,a1)

=

! =

g(x,y;a0,a1,s)
Possible in any PDF

No explicit support in PDF code needed

Wouter Verkerke, UCSB 

Building realistic models

• Complex PDFs be can be trivially composed using operator classes

– Addition

– Multiplication

+ =

* =

Wouter Verkerke, UCSB 

Parameters of composite PDF objects

RooAddPdf

sum

RooGaussian

gauss1
RooGaussian

gauss2
RooArgusBG

argus
RooRealVar

g1frac
RooRealVar

g2frac

RooRealVar

x
RooRealVar

sigma
RooRealVar

mean1

RooRealVar

mean2
RooRealVar

argpar
RooRealVar

cutoff

RooArgSet *paramList = sum.getParameters(data) ;

paramList->Print("v") ;

RooArgSet::parameters:

1) RooRealVar::argpar : -1.00000 C

2) RooRealVar::cutoff :  9.0000 C

3) RooRealVar::g1frac :  0.50000 C

4) RooRealVar::g2frac :  0.10000 C

5) RooRealVar::mean1  :  2.0000 C

6) RooRealVar::mean2  :  3.0000 C

7) RooRealVar::sigma  :  1.0000 C

The parameters of sum
are the combined 
parameters
of its components

RooFit is a major tool developed at BaBar for data modeling.
RooStats provides higher-level statistical tools based on these PDFs.

RooAddPdf

RooProdPdf RooFFTConvPdf
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• A two-dimensional fit on mass and lifetime

Examples

Chapter 7: Observation and lifetime measurement of B± mesons 98

in the dimuon invariant mass distribution.

7.2.4 Mass-lifetime fit method

An unbinned maximum likelihood fit to the reconstructed invariant mass and

proper decay time of the selected candidates is performed to extract the mass and

lifetime of the B± meson. The invariant mass and the propertime are fitted simulta-

neously in order to disentangle the signal from long-lived background which originates

mainly from b-hadrons decaying to J/ψ which are only partially reconstructed. The

likelihood function is

L =
N
∏

i=1

P (mi, τi|ms, τs) =
N
∏

i=1

[fs · Sm · Sτ + (1 − fs) · Bm · Bτ ] , (7.7)

where mi and τi is the invariant mass and propertime of the i-th B± candidate,

ms and τs is the B± mass and lifetime (parameters of interest). The total number

of selected B± candidates is denoted by N and the fraction of signal events is fs,

so that the number of signal events is given by fs · N . With Sm, Sτ we denote

the probability density functions (pdfs) modeling the signal mass and propertime

distributions. Similarly, Bm and Bτ are pdfs for the mass and propertime distributions

of the background, respectively.

The invariant mass shape of the signal is dominated by the detector resolution,

assumed to be gaussian, so the signal pdf is

Sm ≡ Sm(mi|ms, σm) =
1√

2πσm

exp

[

−
(mi − ms)2

2σ2
m

]

, (7.8)

where σm is the mass resolution. The signal pdf for the proper decay time is an

exponential of slope τs, smeared with the detector resolution,

Sτ ≡ Sτ (τi, δτi
|τs) = exp

(

−
τ ′
i

τs

)

⊗ Rτ (τ
′
i − τi, δτi

) , (7.9)

where δτi
= sτ · στi

, it is the per-candidate error of the proper decay time returned

by the vertexing algorithm, στi
, scaled by a constant, sτ , and Rτ is the propertime

resolution function:

Rτ ≡ Rτ (τi, δτi
) =

1√
2πδτi

exp

(

−
τ 2
i

2δ2
τi

)

. (7.10)
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Figure 7.9: The invariant mass (left) and proper decay time (right) distributions
of reconstructed B± candidates from data. The red line is the projection of the
unbinned simultaneous likelihood fit to the invariant mass and proper time of B±

candidates. The fit has separate components for the signal, prompt and non-prompt
J/ψ background, also shown in the figure. A total of about 3080 signal events are
found in the data sample, with mass 5278.4 ± 0.8(stat.) GeV and lifetime 1.63 ±
0.04(stat.) ps . Below each figure, the pull distributions are shown for the comparison
of the fit result to data.
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Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

CERN Summer School, July 2013

Visualizing probability models

48

G(x|µ, σ) (µ, σ)
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 !

• Tools for higher-level stat. analysis

RooStats

A simple model

Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

CERN Summer School, July 2013

Visualizing the model for one channel

54
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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 !!νν 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 → !!νν search

The H → ZZ → !!νν 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 → !!νν decays, several other Higgs
boson channels give a non-negligible contribution to the
total expected signal yield. In particular, H → WW (∗) →
!ν!ν decays can lead to final states that are very similar
to H → ZZ → !!νν decays. They are found to contribute
significantly to the signal yield at low mH values. The
expected number of events from H → WW (∗) → !ν!ν de-
cays relative to that from H → ZZ → !!νν 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 → !!νν 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 → γγ, H →
WW , . . . ), the background contribution, j, to channel l
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fi(x) → fi(x|α)
νi → νi(α),
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A simple realistic model

Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

CERN Summer School, July 2013

Visualizing the combined model

62

State of the art: At the time of the discovery, the combined Higgs 
search included 100 disjoint channels and >500 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

ftot(Dsim,G|α) =
�

c∈channels

�
Pois(nc|νc(α))

nc�

e=1

fc(xce|α)

�
·
�

p∈S
fp(ap|αp)

The model used in the combination of 
the Higgs results from various 
categories in various decay channels
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• Simple mass fit model with RooStats formalism

• Based on the concept of RooWorkspace: the technology to record and share 
arbitrarily complex models in “.root” format (‘digital publishing’)

• Combining models from various workspaces one can perform combinations 
across channels, experiments, etc.

Signal+background fit in RooStats

  using namespace RooFit;
  using namespace RooStats;

  RooWorkspace* wspace = new RooWorkspace("wspace");
  RooRealVar *m = wspace->factory("m[5000,5700]");

...

  wspace->factory("Gaussian:gauss1(m,mean[5278,5275,5285],sigma1[20,0,100])");
  wspace->factory("Gaussian:gauss2(m,mean,sigma2[80,40,200])");
  wspace->factory("SUM:signal_model(a[0.3,0,1]*gauss1,gauss2)");
  wspace->factory("Polynomial:bkg_model(m,b[0.0005,-0.001,0.001])");
  RooAbsPdf *model = wspace->factory(
"SUM:model(nsig[50000,0,500000]*signal_model,nbkg[10000,0,1000000]*bkg_model)");
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• Confidence interval for simple counting 
experiment

Confidence interval

  wspace->factory("obs[10]");
  wspace->factory("Poisson::countingModel(obs,sum(s[8,0,20],b[2]))");

...

  ModelConfig modelConfig(new RooWorkspace());
  modelConfig.SetWorkspace(*wspace);
  modelConfig.SetPdf(*wspace->pdf("countingModel"));
  modelConfig.SetParametersOfInterest(*wspace->var("s"));
  
  ProfileLikelihoodCalculator plc(*data, modelConfig);
  plc.SetConfidenceLevel( 0.95 );
  LikelihoodInterval* plInt = plc.GetInterval();

Observed 10 events, expect exactly 2 
background events.

95% confidence interval for signal?

Research Summary

Ioannis Nomidis, March 2013

σ =
nsig

Lint · ε
(1)

nsig = σ · Lint · ε (2)

L(σ) =
�

P (Nobs, σ · L · ε) · G(L, δL) · G(ε, δε) (3)

P (Nobs|s + b) (4)

1

19



• Confidence interval for simple counting 
experiment

Including systematics

  wspace->factory("obs[10]");
  wspace->factory("Poisson::countingModel(obs, sum(s[8,0,20],b[2,1,3]))");
  wspace->factory("Gaussian::bkgConstraint(b,meanb[2],sigmab[1])"); 
  wspace->factory("PROD::modelWithConstraints(countingModel,bkgConstraint)");

...

  ModelConfig modelConfig(new RooWorkspace());
  modelConfig.SetWorkspace(*wspace);
  modelConfig.SetPdf(*wspace->pdf("modelWithConstraints"));
  modelConfig.SetParametersOfInterest(*wspace->var("s"));
  
  ProfileLikelihoodCalculator plc(*data, modelConfig);
  plc.SetConfidenceLevel( 0.95 );
  LikelihoodInterval* plInt = plc.GetInterval();

Observed 10 events, expect 2 ± 1 background 
events.

95% confidence interval for signal?

Research Summary

Ioannis Nomidis, March 2013

σ =
nsig

Lint · ε
(1)

nsig = σ · Lint · ε (2)

L(σ) =
�

P (Nobs, σ · L · ε) · G(L, δL) · G(ε, δε) (3)

P (Nobs|s + b) · π(b) (4)

1
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• Cross-section estimation with profile likelihood

Profile likelihood

We want to measure the cross-section given the number of observed signal

But the observed signal is a function of the cross-section!

Research Summary

Ioannis Nomidis, March 2013

σ =
s

L · ε (1)

s = σ · L · ε (2)

L(σ) = P (Nobs|s + b) · G(L, δL) · G(ε, δε) (3)

P (Nobs|s + b) · π(b) (4)

1

Research Summary

Ioannis Nomidis, March 2013

σ =
s

L · ε (1)

s = σ · L · ε (2)

L(σ) = P (Nobs|s + b) · G(b, δb) · G(L, δL) · G(ε, δε) (3)

P (Nobs|s + b) · π(b) (4)

1
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