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Causes

Introduction

Effects

G. D'Agostini

* Each cause can produce different effects
> For a given effect the exact cause is not known

* But their probabilities can be calculated assuming some
knowledge about migration, efficiency and resolution

« Probabilities P(Ej|Ci) are estimated from MC

« Goal: determine the probability P(Ci|Ej) Reminder: Bayes theorem
« Simple inversion not possible p(a|B)=FBIA) P(A)
* Bayes theorem yields solution P(B)
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. @J e i Iterative (Bayes) Method

n(C): #evts in cause bin |

n(Ej): #evts in effect bin |

G. D'Agostini

p(CEy) — P - P

- X5 P(ES|C) - Po(Ch)

A(C;) = %ﬁﬂ(EQ)'P(CJEj) & # 0

1 5=1

* Described by G. D'Agostini (NIM A362 (1995) 487)
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. Mij terms of the unfolding matrix M

* Mis clearly not equal to the
Inverse of the migration matrix
P_(C): initial probabilities

n(Ej): data sample

. P(Ej|Ci): migration probabilities
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ng '
A(Ci) = ), Mi; - n(E;)
=1

P{E;|C;) - Po(Cy)

M = TS PIBICT - (5%, P(BS|CY - Po(On)

e Sources of uncertainties:

- P,(C): no uncertainty is introduced

- n(Ei): data is assumed to be mutinomial distributed

e} . E.‘ ng Ei . EJ
Vie (n(E)) = ZMkj'sz'ﬂ(Ej)-(l—?é} "J) - 3 Mki'MJj‘n( %”( )
=1 rus o brie
e, 7 =1
1 # ]
- P(Ej|Ci): ng
Vi (M) = Z n(E;) - n(E;) - Cov( M, Mi;)

- Total uncertainty: Vi = Vi (2(£)) + Vie (M)
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. @J e i Performance checks

* Define a migration matrix
0 01 0.1 0 01 08 0 0.025 0.95
M,=(02 03 0.5 M,=(0.2 0.8 0.2 M,=(0.05 0.95 0.05
0.8 0.6 0.4 08 0.1 0 0.95 0.025 0
large migration medium migration low migration

* Use ensemble tests for performance checks

* Mean values are well described, but uncertainties are too large

* Comparison between uncertainties from ensemble tests and the
program for 3 different migration matrices

w 500+ constant 168.2+ 4.8 D B e e e S B A SN
2 = » matrix 1 Mean -0.002341+ 0.021236 3 ® matrix 1
2 490 o matrix 2 Sigma 0.9327 + 0.0161 5 ® matrix 2
@ 400QFE-® matrix 3 Constant 2706+ 7.5 1.2— » matrix 3]
= Mean 0.01537 + 0.01337 .
350 13 bl n Sigma 0.5867 + 0.0098 1= — e ]
300E Constant 485.4 + 13.5 — B
= Mean 0.002667 + 0.007367 - .
250 F 0.327  0.005 0.8 L ]
200F - L ]
o 06— »— N =
160F = m
= L —_— 7]
100E 0.4 —
50F A P —

= I R l l l
Q3 3 0 20 0.5 1 1.5 2 2.5 3
(4o bin

* Less migration leads to an over estimation of the uncertainties
> Migration effect is not treated correctly in the error calculation
* Assumptions for the error calculation have to be checked
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. @J e Uncertainties

* Problem: Program assumes a multinomial distribution for the data
e Multinomial distribution:

var=np -(1—p.)
cov=—np, p,

* But each bin is multinomial distributed

* The sum of multinomial distributions is only a multinomial distribution if
all distributions are the same

> The columns of the migration matrix has to be equal to get the correct
estimate for the uncertainty

> Not the typical case in data analysis

* Implement the new uncertainty calculation for the data into the program

* Assumption: The data sample is a realization of a sum of multinomial

distributions

'l ZMkJ MIJ Zn )

- MM, z (C)-P(E|C,)-P(E|C,)

i,j=1
I#]
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. @J Uncertainties

* Comparison of the pull distributions for the old and the new uncertainty

calculatlon for a migration matrix with medlum mlqratlon (M)

0 e Constant 270.6+ 7.5 = 14
G:J [ e old uncertainty Mean -0.01537 + 0.01337 a - e old un cena nty
£ pgpl e new uncertainty Sigm: 0.5867 + 0.0098 % 1.2[-e new uncertainty |
o [ Constant 159.4+ 4.5 r ]
C Mea -0.0242 + 0.0227 C 7
r - ° —_—
200 :l.St b| n Sigm 0.9889 + 0.0170 1 E ]
= 0.8 =
1501 R E
- 0.6 1
100{— = 0.4 =
50— = 0.2 .
C i ok | | |
03 -2 -1 0 1 2 3 1 2 3
(y 1o, bin

* Comparison between uncertainties from ensemble tests and the
program with and w/o fluctuations in the migration matrix (M,) for the

new error calculation

-~ 12— 77T T 7TV T T T 1T —_ T T T T T T T T T T
?3_1 C » random migration matrices 7 = ‘ . random‘ migration‘malrices
BT  1.1F » fixed migration matrix - E # fixed migration matrix B
1= old uncertainty . ~ new uncertainty E
0.9 ] } =
—_— 3 :_
0.8F — ] = 3
0.7 ¥ v = E— I =
06 o - 3 E
0_5:| I T T T T T T T [ A \: L o Lo L
0 0.5 1 1.5 2 2.5 0 0.5 1 1.5 2 25 3
bin bin

> The new uncertainty calculation shows a clear improvement
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. @J sl  Improved iterative (Bayes) Method

Described by G. D'Agostini (arxiv:1010.0632 (2010))
Based on the previous method

But uncertainties are treated differently:
- Quantities are described by probabllity density functions
- Uncertainty propagation is done by sampling

Results will be compared soon with my improvements for
the old method
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. @J St i Conclusion & Outlook

* |terative (Bayes) Method:

- Performance of this method is checked
- New uncertainty calculation shows a clear improvement

* |Improved iterative (Bayes) Method:

- Code exist in R implemented by G. D'Agostini and in C++
Implemented by J. Therhaag

 Qutlook:

- Compare improved iterative (Bayes) method with the results of my
Improvements on the old method
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