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Introduction

New project to create advanced statistical tools needed by 
the LHC experiments

Joint contribution ATLAS, CMS, ROOT and RooFit
core developers: 

K.Cranmer (ATLAS), G. Schott (CMS), W. Verkerke (RooFit), L. Moneta 
(ROOT) 

other contributors :
 D. Piparo, M. Pelliccioni  (CMS), A. Lazzaro (ATLAS)

Developments monitored by ATLAS and CMS statistic 
committees
implement the accepted methods

Included in ROOT since version 5.22
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RooStats Project
Goals: 

standardize interface for major statistical procedures 
can work on an arbitrary model and dataset and handle many 

parameters of interest and nuisance parameters
implement most accepted techniques from Frequentist, Bayesian, 

and Likelihood-based approaches
provide utilities to perform combined measurements

Design:
base on RooFit to construct models

all statistical methods start from description of probability density 
function or likelihood function

build series of tools that perform statistical procedures on RooFit 
models

3
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RooStats Structure

RooFit (data modeling) 
Data modeling language (pdfs and likelihoods).

Scales to arbitrary complexity
 Support for efficient integration, toy MC generation 
Workspace 

Persistent container for data models
Completely self-contained (including custom code)
Complete introspection and access to components

Workspace factory provides easy scripting language to populate the 
workspace

RooStats 
 statistical methods using frequentists or bayesian statistics for calculating 

interval, limits and performing  hypothesis tests
Utilities for combinations and to construct pdf’s corresponding to standard 

number counting problems

4
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RooStats Interfaces

5

Interfaces to statistical tools 
direct mapping to statistical concepts 
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IntervalCalculator interface
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HypoTestCalculator 
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ConfInterval Interface
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HypoTestResult Interface
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RooStats Calculator classes
Profile Likelihood calculator

interval estimation and hypothesis testing

Bayesian calculators
BayesianCalculator   

analytical or adaptive numerical integration (only 1 dim)
MCMCCalculator       (Markov-Chain Monte Carlo)

HybridCalculator
frequentist hypothesis test calculator with Cousins-Highland 

integration for nuisance parameters

Neyman construction 
interval calculator (returns a PointSetInterval) 

FeldmanCousins 
Neyman construction configured with the Likelihood ratio 

ordering rule
10
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Method based on properties of the likelihood function
Profile likelihood function:

Uses asymptotic properties based on Wilks’ theorem:

l is a gaussian function

e.g. -2*logl is a parabolic function

Method of MINUIT/MINOS
lower/upper limits for 1D 
contours for 2 parameters

Profile Likelihood Calculator

11

� =
L(x|θr0,

ˆ̂θs)
L(x|θ̂r, θ̂s)

minimize w.r.t nuisance parameters and fix POI

minimize w.r.t. all parameters

l is a function of only  the parameter of interest
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Profile Likelihood Calculator (2)

Profile Likelihood can be used for hypothesis tests using the 
properties of the likelihood ratio: 

12

� =
L(x|θr0,

ˆ̂θs)
L(x|θ̂r, θ̂s)

Due to Wilk theorem, distribution 
of -2logλ is asymptotically a χ2 
distribution under H0

p-value and significance are then 
obtained from the -2logλ ratio

 signif. = √(2 * Δlogλ )

Null hypothesis (H0):          θ = θ0

Alternate hypothesis (H1):  θ ≠ θ0
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RooStats Code Example

68% (1 sigma) Interval estimation

Significance of discovery (S non zero)

Profile Likelihood Calculator (3)

13

ProfileLikelihoodCalculator plc(*data, *model, *POI);
plc.SetTestSize(0.32);
LikelihoodInterval* interval = plc.GetInterval();
double lowerLimit = interval->LowerLimit(*S);
double upperLimit = interval->UpperLimit(*S);

LikelihoodIntervalPlot  plot(interval);
plot.Draw();

S->setVal(0);  // set value of S to zero 
plc.SetNullParameters(RooArgSet(*S));
HypoTestResult* hypotest =plc.GetHypoTest();
double significance = hypotest->Significance();
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Hybrid Calculator

 Hypothesis test calculator (method used at LEP)
 uses by default the likelihood ratio as test statistics Q

optionally one can use the number of events or the profile 
likelihood ratio

generate toy MC experiments to obtained the distribution of Q
From the empirical distribution obtained estimate the p-values:

CLsb and  CLb

CLs   is obtained as the ratio CLsb / CLb

14

 Frequentist method 
 Cousins-Highland integration over the 

nuisance parameters (Bayesian)
 toys are generated with nuisance parameters 

smeared according to their distribution
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Hybrid Calculator

15

HybridCalculator * hc=new HybridCalculator(*data,*modelFull,*modelBkg)
hc->SetNumberOfToys(1000)
// if using systematics
hc->SetNuisancePdf(*priorNuisance);

HybridResult* result=hc->GetHypoTest();
HybridPlot* plot=result->GetPlot("hcPlot","p Values Plot",100);
plot->Draw();

// retrieve CLsb, CLb and CLs
double clsb_data = hcresult->CLsplusb();
double clb_data = hcresult->CLb();
double cls_data = hcresult->CLs();
double data_significance = hcresult->Significance();
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Hypothesis Inverter
Class to invert result from an hypotesis test calculator and 

compute a limit (RooStats::HypoTestInverter)
working  on Hybrid calculator
run many runs of the calculator scanning the POI
obtain un upper limit from the CL curve

16
S

C
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Bayesian Calculator

BayesianCalculator class
posterior and interval estimation using 

numerical integration
 current implementation works only for only one 

parameter of interest 

MCMCCalculator 
integration using Markov-Chain Monte Carlo

possible to specify ProposalFunction
 can visualize posterior and also the chain

17

BayesianCalculator bc(*data, *modelPdf, *POI);
bc.SetTestSize(0.05);
SimpleInterval* interval = bc.GetInterval();
double lowerLimit = interval->LowerLimit(*S);
double upperLimit = interval->UpperLimit(*S);
(bcalc.GetPosteriorPlot())->Draw();
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Kyle Cranmer (NYU) RooStats Pilot Tutorial  Oct 15-16, 2009

Markov Chain Monte Carlo (MCMC) is a nice technique which will produce a 
sampling of a parameter space which is proportional to a posterior
‣ it works well in high dimensional problems
‣ Metropolis-Hastings Algorithm: generates a sequence of points 

● Given the likelihood function         & prior        , the posterior is 
proportional to 

● propose a point     to be added to the chain according to a proposal 
density            that depends only on current point 

● if posterior is higher at    than at   , then add new point to chain
● else: add     to the chain with probability 

● (appending original point      with complementary probability) 
‣ RooStats works with any         ,         
‣ Can use any RooFit PDF as proposal function   

Work done primarily by Kevin Belasco (Princeton)

Markov Chain Monte Carlo
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L(�α) P (�α)
L(�α) · P (�α)

ρ =
L(�α�) · P (�α�)
L(�α) · P (�α)

· Q(�α|�α�)
Q(�α�|�α)

{�α(t)}

�α�

Q(�α�|�α) �α

�α� �α

L(�α) P (�α)
Q(�α�|�α)

�α�

�α
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Treat each point in parameter space    independently
For each point, need distribution of some test statistic
Choose an ordering rule that selects a specific            region  
Confidence Interval is set of parameter points where data in acceptance 

region (eg. intersects confidence belt)

Neyman Construction Review

19
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Feldman-Cousins: a special case

20
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NeymanConstruction Implementation

21

It uses a TestStatSampler to 
generate a 
SamplingDistribution for 
each parameter point.

Find thresholds on test 
statistic that define 
acceptance region (switch 
for upper/lower/central 
limits)

Check if data is in 
acceptance region (eg. 
between thresholds).  If so,    
add point to the 
PointSetInterval result

FeldmanCousins is an 
additional class that 
enforces a particular 
configuration of test 
statistic, distribution 
creator, limit type, etc.

LimitType 
(switch)

TestStatistic / 
Ordering Rule

SamplingDistribution

PointSetInterval

NeymanConstruction

returns

in
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ConfidenceInterval
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IntervalCalculator
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Neutrino Oscillation Example
Kyle coded up neutrino 
oscillation experiment based on 
description in Feldman & 
Cousins’s original paper.  
Generate toy data at same true 
parameters and compare 
RooStats with results in paper
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toy data with best fit model (and sig+bkg components)
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toy data with best fit model (and sig+bkg components)
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and that the mass eigenvalues for |ν1〉 and |ν2〉 are m1 and m2, respectively. Quantum
mechanics dictates that the probability of such a transformation is given by the formula
[2,16]

P (νµ → νe) = sin2(2θ) sin2

(

1.27∆m2L

E

)

, (5.3)

where P is the probability for a νµ to transform into a νe, L is the distance in km between
the creation of the neutrino from meson decay and its interaction in the detector, E is the
neutrino energy in GeV, and ∆m2 = |m2

1 − m2
2| in (eV/c2)2.

The result of such an experiment is typically represented as a two-dimensional confidence
region in the plane of the two unknown physical parameters, θ, the rotation angle between
the weak and mass eigenstates, and ∆m2, the (positive) difference between the squares of
the neutrino masses. Traditionally, sin2(2θ) is plotted along the horizontal axis and ∆m2 is
plotted along the vertical axis. An example of such a plot is shown in Fig. 11, based on a
toy model that we develop below. In this example, no evidence for oscillations is seen and
the confidence region is set as the area to the left of the curve in this figure.

B. The Proposed Technique for Determining Confidence Regions

The problem of setting the confidence region for a neutrino oscillation search experiment
often shares all of the difficulties discussed in the previous sections. The variable sin2(2θ)
is clearly bounded by zero and one. Values outside this region can have no possible inter-
pretation within the theoretical framework that defines the unknown physical parameters.
Yet consider an experiment searching in a region of ∆m2 in which oscillations either do not
exist or are well below the sensitivity of the experiment. Such an experiment is typically
searching for a small signal of excess νe interactions in a potentially large background of νe

interactions from conventional sources and misidentified νµ interactions. Thus, it is equally
likely to have a best fit to a negative value of sin2(2θ) as to a positive one, provided that
the fit to Eq. (5.3) is unconstrained.

Typically, the experimental measurement consists of counting the number of events in an
arbitrary number of bins [17] in the observed energy of the neutrino and possibly other mea-
sured variables, such as the location of the interaction in the detector. Thus, the measured
data consist of a set N ≡ {ni}, together with an assumed known mean expected background
B ≡ {bi} and a calculated expected oscillation contribution T ≡ {µi| sin2(2θ), ∆m2}.

To construct the confidence region, the experimenter must choose an ordering principle
to decide which of the large number of possible N sets should be included in the acceptance
region for each point on the sin2(2θ)−∆m2 plane. We suggest the ordering principle identical
to the one suggested in Sec IV, namely the ratio of the probabilities

R =
P (N |T )

P (N |Tbest)
, (5.4)

where Tbest(sin
2(2θ)best, ∆m2

best) gives the highest probability for P (N |T ) for the physically
allowed values of sin2(2θ) and ∆m2.

12

In the Gaussian regime, χ2 = −2ln(P ), so this approach is equivalent to using the
difference in χ2 between T and Tbest, i.e.,

R′ ≡ ∆χ2 =
∑

i

[

(ni − bi − µi)2

σ2
i

−
(ni − bi − µbesti

)2

σ2
i

]

, (5.5)

where σi is the Gaussian error. We actually recommend an alternative form based on the
likelihood function, [18]

R′′ ≡ ∆χ2 = 2
∑

i

[

µi − µbesti
+ niln

(

µbesti
+ bi

µi + bi

)]

, (5.6)

since it can be used in all cases.
To demonstrate how this works in practice, and how it compares to alternative approaches

that have been used, we consider a toy model of a typical neutrino oscillation experiment.
The toy model is defined by the following parameters: Mesons are assumed to decay to
neutrinos uniformly in a region 600 m to 1000 m from the detector. The expected background
from conventional νe interactions and misidentified νµ interactions is assumed to be 100
events in each of 5 energy bins which span the region from 10 to 60 GeV. We assume that
the νµ flux is such that if P (νµ → νe) = 0.01 averaged over any bin, then that bin would
have an expected additional contribution of 100 events due to νµ → νe oscillations.

The acceptance region for each point in the sin2(2θ) − ∆m2 plane is calculated by per-
forming a Monte Carlo simulation of the results of a large number of experiments for the
given set of unknown physical parameters and the known neutrino flux of the actual ex-
periment. For each experiment, ∆χ2 is calculated according to the prescription of either
Eq. 5.5 or 5.6. The single number that is needed for each point in the sin2(2θ)−∆m2 plane
is ∆χ2

c(sin
2(2θ), ∆m2), such that α of the simulated experiments have ∆χ2 < ∆χ2

c . After
the data are analyzed, ∆χ2 for the data and each point in the sin2(2θ) − ∆m2 plane, i.e.
∆χ2(N | sin2(2θ), ∆m2), is compared to ∆χ2

c and the acceptance region is all points such
that

∆χ2(N | sin2(2θ), ∆m2) < ∆χ2
c(sin

2(2θ), ∆m2). (5.7)

Figure 11 is an example of the result of a calculation for a random experiment in the toy
model for which there were no oscillations, i.e., for sin2(2θ) = 0.

One might naively expect that ∆χ2
c = 4.61, the 90% C.L. value for a χ2 distribution with

two degrees of freedom. For the toy model, it actually varies from about 2.4 to 6.6 across
the sin2(2θ) − ∆m2 plane. The deviation from 4.61 is caused by at least three effects:

1. Proximity to the unphysical region. Points close to the unphysical region occasionally
have best fits in the unphysical region. Since our algorithm restricts fits to the physical
region, these fits give a lower ∆χ2 than unrestricted fits.

2. Sinusoidal nature of the oscillation function. The χ2 distribution assumes a Gaussian
probability density function, but the oscillation probability function is sinusoidal. For
high values of ∆m2 fluctuations can cause a global minimum in a “wrong” trough of
the function, increasing the value of ∆χ2 from what it would be if there were only one
trough.

13
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Example Feldman-Cousins

FeldmanCousins  class
 configure like the other calculator class

 SetNBins(n) specify the number of points to 
scan in the parameter of interest

 class returns a  ConfInterval object
 can only test if a point is inside or not

23

  RooStats::FeldmanCousins fc;
  // set the distribution creator, which encodes the test   statistic
  fc.SetPdf(pois);
  fc.SetParameters(parameters);
  fc.SetTestSize(.05); // set size of test
  fc.SetData(*data);
  fc.UseAdaptiveSampling(true);
  // number counting   analysis: dataset always has 1 entry with N events observed
  fc.FluctuateNumDataEntries(false); 
  fc.SetNBins(30); // number of points to test per parameter
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Working Plan for today

Working today on simple Poisson (number counting) and 
gaussian model ( gaussian peak over a flat background)

Build model using RooFit (factory class from Workspace)
Workspace used to manage all the pdf’s and parameters

Run the RooStats calculator classes: 

Likelihood method
 with and without inclusion of systematic in the nuisance parameters

Hybrid calculator class 

If still time we will try to use the BayesianCalculator and the 
MCMCCalculator

Tomorrow exercises using Neyman construction (Feldman 
Cousins) 

24
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Hands-on Session
RooStats Exercises  
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Getting Started
A few advice words:

Install version 5.25.04 locally
setting up

.  root_installation_directory/bin/thisroot.sh (or .csh)

recommend to compile your macros and run with: 
.x macro.C+; or .L macro.C+ then macro();
working in Python (with PyROOT) is not fully supported yet

include at beginning of macro: 

avoid running a macro multiple times in the same ROOT session
If not working locally: 

setting ROOT 5.25.04 using the CERN AFS installation:
on SLC4: 

 /afs/cern.ch/sw/lcg/app/releases/ROOT/5.25.04/slc4_amd64_gcc34/root/bin/thisroot.csh 
or .sh

26

  using namespace RooFit;
  using namespace RooStats
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Getting Help

RooStats documentation: 
Class reference doc (could be improved but still useful): 

http://root.cern.ch/root/htmldoc/ROOFIT_ROOSTATS_Index.html

 Some tutorials available as example in 
$ROOTSYS/tutorials/roostats

 Wiki page from last tutorials session
https://twiki.cern.ch/twiki/bin/view/RooStats/TutorialsOctober2009
be careful: some of the example code is not valid anymore due to 

some changes in latest RooStats release

 Ask help to tutors, we are few people around here to help you

 Can start working with a couple of macro which generate the data

download from agenda page or from 
http://www.cern.ch/moneta/temp/exercises_1.tar.gz

27
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Exercise 1: Model Generation

Generate first a Poisson Model  (using RooFit Workspace and 
factory method)
build model of nobs = S + B with a Poisson(S+B). <S> = 2, B = 1 fixed  

28

   // Use a RooWorkspace to store the PDF models, parameters, etc ...
   RooWorkspace myWS("myWS");

   // Generate the model: POisson with S+B - signal is the parameter of interest
   myWS.factory("S[2,0,20]"); // default value 2 and range [0,20]
   myWS.factory("B[1]");  // B fixed at value 1 
   // define the observable: the number of observed events (min < 0 to include nobs =0)
   myWS.factory("nobs[-0.001,20]"); // arbitrary range [0,20] but with 0 included 
   
   // model is a Poisson distribution for S+B
   myWS.factory("sum:splusb(S,B)");
   myWS.factory("Poisson::model(nobs,splusb)");
  

   // set generator seed (use 0 for getting different events each time, or a fixed number) 
   (RooRandom::randomGenerator())->SetSeed(0); // 0 to generate always different event

   // generate 1 event to get the nobs value
   RooAbsData* data = myWS.pdf("model")->generate(*myWS.var("nobs"),1,Name("data"));
   double nobs = ((RooRealVar * ) data->get(0)->first())->getVal();

   std::cout << "number of observed events  = " << nobs << std::endl;

generate one event (i.e. one experiment) -> get nobs 

 if you prefer not to type can use macro PoissonModel.C for model generation 
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Exercise 1: Likelihood interval

Use Likelihood method to find interval limits and significance
create Profile Likelihood calculator from data, model and parameter 

of interest ( see doc http://root.cern.ch/root/htmldoc/RooStats__ProfileLikelihoodCalculator.html )

29

   // first use some convenience variables to avoid too much typing
   RooRealVar * S = myWS.var("S");        // the parameter of interest 
   RooArgSet poi(*S);                     // define the parameters of interest set
   RooRealVar * B = myWS.var("B");        // the nuisance parameter
   RooArgSet nuispar(*B);                 // define the nuisance parameter set
   RooAbsPdf * model = myWS.pdf("model"); // define the model pdf 

   // create Profile Likelihood Calculator (with 68% CL, can be set also later)
   ProfileLikelihoodCalculator plc(*data,*model,poi,0.68);   
  

   // find the interval limits
   LikelihoodInterval * interval = plc.GetInterval();
   double lowerLimit = interval->LowerLimit(*S);
   double upperLimit = interval->UpperLimit(*S);

   std::cout << "    PROFILE LIKELIHOOD results:\n";
   std::cout << "68% CL interval: [ " << lowerLimit << " ; " << upperLimit << " ]\n";

get the interval and its limit 

plot the result 
   // plot the result 
   LikelihoodIntervalPlot lplot(interval);
   lplot.Draw();
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Exercise 1: Likelihood result
Example: plot obtained for nobs = 4   (with random seed = 999)

30

68% CL interval:
 [ 1.32625 , 5.33143 ]

 Test S=0 vs S not 0 hypothesis using the profile likelihood ratio:
// Create a copy of the POI parameters and set the S value to zero
RooArgSet nullparams;
nullparams.addClone(*myWS.var("S"));    // deep copy of parameter of interest
((RooRealVar *) (nullparams.first()))->setVal(0);    // set S = 0
plc.SetNullParameters(nullparams);      // set the new set in the calculator
//perform hypothesis test
HypoTestResult* plcResult = plc.GetHypoTest();
double significance = plcResult->Significance();
std::cout << "Likelihood significance for   =   " << significance << std::endl;

significance =   2.25633

Thursday, November 26, 2009



 RooStats Tutorials, CERN 26/27 Novembre 2009       Lorenzo Moneta, CERN/PH-SFT

Exercise 1: Systematics
Add systematics in nuisance parameters

Gaussian Background B :   1 +/- 0.5 (Gaussian model)
change code as below:


31

   /// myWS.factory("B[1]");  // B fixed at value 1 
   myWS.factory("B[1,0,20]"); // B variable

   // model is now a Poisson(S+B) x Gaussian(B) 
   myWS.factory("Poisson::modelSB(nobs,splusb)");
   // Gaussian distribution for background  (uncertainty of 30%)
   myWS.factory("Gaussian::bkgPdf(B,1,0.5)");  // B gaussian 1 +/- 0.5

   myWS.factory("PROD::model(modelSB,bkgPdf)");
  

 specify the full model Poisson(S+B) × Gaussian(B)

Run Profile Likelihood calculator as before 
you will get larger interval and a smaller significance value due to the the effect of 

systematics

68% CL interval: [ 1.24004 ; 5.37717 ]
significance =  1.95652
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Exercise 2: Gaussian Model
Generate Gaussian signal over flat background 

systematics in sigma of mass and background
macro : GaussianModel.C (only model generation) 

32

RooWorkspace myWS("myWS");

// Observable
myWS.factory("mass[0,500]"); // range [0,500]

// Signal and background distribution of the observable
myWS.factory("Gaussian::sigPdf(mass,200,sigSigma[0,100])") ;
myWS.factory("Uniform::bkgPdf(mass)") ;
myWS.factory("SUM::modelNoSyst(S[5,0,30]*sigPdf,B[10,0,100]*bkgPdf") ;
// Background only pdf
myWS.factory("ExtendPdf::modelBkg(bkgPdf,B)") ;
// Prior for signal
myWS.factory("Uniform::priorPOI(S)") ;
// Priors for nuisance parameters (signal + backg) 
myWS.factory("Gaussian::prior_sigSigma(sigSigma,50,5)") ;
myWS.factory("Gaussian::prior_B(B,10,3)") ;
myWS.factory("PROD::priorNuisance(prior_sigSigma,prior_B)") ;
//full model including systematics
myWS.factory("PROD::model(modelNoSyst,priorNuisance)");

// generate data (unbinned  with Poisson fluctuations on total N = S+B) 
RooAbsData * data = myWS.pdf("model")->generate(*myWS.var("mass"),Extended(),Name("data")); 
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Exercise 2: Plot Data
plot the data

result obtained (with seed = 1)

33

   //plot the generated data
   RooPlot* plot = myWS.var("mass")->frame();
   data->plotOn(plot);
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Exercise 2: Likelihood Result
run then the Profile Likelihood calculator as before in the Poisson 

case (Exercise 1)

34

PROFILE LIKELIHOOD result:     68% CL interval:   [ 16.8412 , 37.7899 ]

SIGNIFICANCE =  3.36367  sigma
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Exercise 3: HybridCalculator

 Run HybridCalculator to perform an hypotesis test
 test B only hypothesis vs S+B
 set first value of all parameters S, B, sigSigma (e.g. initial or best fit values)

 For the HybridCalculator we need the background pdf, the pdf of the nuisance 
parameters (see “priorNuisance” in slide 8) and the nuisance parameters set
 see http://root.cern.ch/root/htmldoc/RooStats__HybridCalculator.html

 do the hypothesis test running the toys 

 plot the result (test statistic distributions

35

   HybridResult* hcresult=hc->GetHypoTest();
   double clsb_data = hcresult->CLsplusb();
   double clb_data = hcresult->CLb();
   double cls_data = hcresult->CLs();
   double data_significance = hcresult->Significance();

   RooAbsPdf * nuisPdf = myWS.pdf("priorNuisance");
   RooAbsPdf * modelBkg = myWS.pdf("modelBkg");
   HybridCalculator * hc=new HybridCalculator(*data,*model,*modelBkg, &nuisPar, nuisPdf);
   hc->SetNumberOfToys(5000);
   // default is 1 likelihood ratio, 0 is number of events, 2 profile likelihood ratio  
   hc->SetTestStatistic(1); 

    // plot the result: distribution of test statistic for null and alternate hypothesis 
   HybridPlot* hcPlot=hcresult->GetPlot("hcPlot","p Values Plot",100);
   hcPlot->Draw();
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Exercise 3: Hybrid Result
Result obtained (remember to set initial values correctly)

5000 toys, initial parameter values, test statistic: 

36

HYBRID CALCULATOR  result:
CL_b:          0.9322
CL_s:          0.505471
CL_sb:        0.4712
significance:1.49238

likelihood ratio number of events

HYBRID CALCULATOR  result:
CL_b:          0.836
CL_s:          0.614593
CL_sb:        0.5138
significance:0.97815
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Exercise 4: BayesianCalculator

Run BayesianCalculator for interval in parameter of interest
 class works only for 1D, can use MCMCCalculator for multi-dimensional problems

 Build from data, model and prior for p.o.i.
see http://root.cern.ch/root/htmldoc/RooStats__BayesianCalculator.html

Need first to define a prior for p.o.i. 
Example in case of Poisson model define uniform prior

normally would get interval by doing

 but there is a bug in 5.25.04 (sorry!). Workaround, use posterior pdf and 
ROOT class TF1 (32% and 68% quantiles are the interval limits)

37

   myWS.factory("Uniform::priorPOI(S)");   
   BayesianCalculator bcalc(*data,*model,poi,*priorPOI,&nuisPar);

   bcalc.SetConfidenceLevel(0.32);   
   SimpleInterval * bInterval = bcalc.GetInterval();
   lowerLimit =  bInterval->LowerLimit();  upperLimit = bInterval->UpperLimit();

   TF1 * f1 = posteriorPdf->asTF(poi);
   double q[2]; double pval[2];
   pval[0] = 0.32;  pval[1] = 0.68; 
   f1->GetQuantiles(2,q,pval); 
   f1->DrawClone(); // for drawing the posterior pdf
   std::cout << "68% CL interval: [ " << q[0] << " - " << q[1] << " ] \n";
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Exercise 4: Result
Can draw the posterior and its interval (when bug wil be fixed)

Draw for the moment the TF1 with interval limit

38

   RoOPlot * bplot = bcalc.GetPosteriorPlot();   
   bplot->Draw(); 

68% CL interval: [ 1.82826 - 6.19458 ]
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Run same example as before but using the MCMC calculator
see http://root.cern.ch/root/htmldoc/RooStats__MCMCCalculator.html

 Also for a bug in LowerLimit/UpperLimit use posterior histogram as before

Exercise 4b: MCMCCalculator 

39

   MCMCCalculator mccalc(*data,*model,poi,*priorPOI);
   mccalc.SetConfidenceLevel(0.32);   
   MCMCInterval * mcInterval = mcCalc.GetInterval();

   TH1* posterior = mcInterval->GetPosteriorHist();  
   posterior->GetQuantiles(2,q,p);   

68% CL interval:
[ 1.90416 - 6.30061 ] 

with default MC parameters
   mccalc.SetNumIters(100000); 
  mccalc.SetNumBins(50);  
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