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Expected discovery significance for counting
experiment with background uncertainty
|. Discovery sensitivity for counting experiment with b known:

(a) %

(b) Profile likelihood \/2 ((S ) (1 N f) B S)
b

ratio test & Asimov:

Il. Discovery sensitivity with uncertainty in b, o,
S

(a) m

(b) Profile likelihood ratio test & Asimov:
2 2
[2 ((s+b)ln —b—ln [1+ T3

b(b+ of)
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Counting experiment with known background

Count a number of events n ~ Poisson(s+b), where
s = expected number of events from signal,

b = expected number of background events.

To test for discovery of signal compute p-value of s = 0 hypothesis,

p=Pn>nglb) = 3 et =1 Fa(22n)

N=MNghs

Usually convert to equivalent significance: 7 = & 1(1 — p)
where @ is the standard Gaussian cumulative distribution, e.g.,
Z>5 (a5 sigma effect) means p <2.9 X107,

To characterize sensitivity to discovery, give expected (mean
or median) Z under assumption of a given s.
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s/\lb for expected discovery significance

For large s + b, n — x ~ Gaussian(u,c) ,u=s + b, o = \/(s + D).

For observed value x,, p-value of s = 0 is Prob(x > x| s = 0),:

Tohs — b
np=1—@ ( )
PO 7

Significance for rejecting s = 0 is therefore

Tobs — b
Vb

Expected (median) significance assuming signal rate s is

Zy = @_1(1 —p()) =

median|[Z|s + b] = 2

Vb
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Better approximation for significance

Poisson likelihood for parameter s is

L(s) = (s +'b)n o—(s+b) For now
n no nuisance
To test for discovery use profile likelihood ratio: ;;arams.
—21In A(0) $>0, A
do = A(s) = 2 0(5))
0 §<0. L(Sa 9)

So the likelihood ratio statistic for testings =0 is

L(0)
L(3)

qgo = —21n =2 <n. ln% + b — 'n..) for n > b, 0 otherwise
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Approximate Poisson significance (continued)

For sufficiently large s + b, (use Wilks’ theorem),

Z=\/2(nln%+b—'n) for n > b and Z = 0 otherwise.

To find median[Z]s], let n — s + b (i.e., the Asimov data set):

ZA=\/2((s+b)ln(l+%) —s)

This reduces to s/\b for s << b.
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n ~ Poisson(s+b), median significance,
assuming s, of the hypothesis s =0

CCGV, EPJC 71 (2011) 1554, arXiv:1007.1727
8

0

“Exact” values from MC,
jumps due to discrete data.

med[Z 1]

.
-

Asimov \/c]O,A good approx.
for broad range of s, b.

s/\lb only good for s < b.

10" 1 10 10°
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Extending s/\b to case where b uncertain

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

Now suppose the value of b is uncertain, characterized by a
standard deviation g,

A reasonable guess is to replace Vb by the quadratic sum of
\b and g, i.e.,

s
\/b+ of

This has been used to optimize some analyses e.g. where
o, cannot be neglected.

med|Z|s| =
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Profile likelihood with b uncertain

This is the well studied “on/off” problem: Cranmer 2005;
Cousins, Linnemann, and Tucker 2008; Li and Ma 1983,...

Measure two Poisson distributed values:

n ~ Poisson(s+b) (primary or “search” measurement)

m ~ Poisson(zb) (control measurement, r known)

The likelihood function is

s+b)" _, Th)™ __

Use this to construct profile likelihood ratio (b is nuisance
parameter): A
_ L(0,5(0))

L(5,b)
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Ingredients for profile likelihood ratio

To construct profile likelihood ratio from this need estimators:

§ = n—m/T,

b = m/T,
f,() _ on+m—(14+7)s+/(n+m—(147)s)*+4(1+7)sm
YT 21+ 1) -

and in particular to test for discovery (s = 0),

n-+m
147
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Asymptotic significance

Use profile likelihood ratio for g, and then from this get discovery
significance using asymptotic approximation (Wilks’ theorem):

Z = /%
[ (o [ i 2]y

for n > b and Z = 0 otherwise.

Essentially same as in:

Robert D. Cousins, James T. Linnemann and Jordan Tucker, NIM A 595 (2008) 480
501; arXiv:physics/0702156.

Tipei Li and Yuqgian Ma, Astrophysical Journal 272 (1983) 317-324.
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Asimov approximation for median significance

To get median discovery significance, replace n, m by their
expectation values assuming background-plus-signal model:

n—s+b

m — th

Zp = [—2 ((s +b)In [(i j: frl)(ii):)] +7bln [1 +5 -:T)b])]l/?

. ’ - b .
Or use the variance of b=m/t, V[b] =07 = — , to eliminate t:
T

2
o

5
O

(s +b)(b+ of)
b2 + (s + b)o?

o2s

b(b+ of)

1+

I

ZA = [2 ((s-l—b) In
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Limiting cases

Expanding the Asimov formula in powers of s/b and
0,°/b (= 1/7) gives

S

Zp = (1+O(s/b) + O /b))

\/b—l—ag

So the “intuitive” formula can be justified as a limiting case
of the significance from the profile likelihood ratio test evaluated
with the Asimov data set.
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Testing the formulae: s=5

med[Z|s]

G. Cowan / RHUL Physics

8

s=5
c,/b=0.205

1 10
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Using sensitivity to optimize a cut

(a) w20 R 4 _ (b)
%- — 2, = : — signal
-—— background
£ e sl\’b+o§ 15
...... s=157 s=80
b=16 b=0.20
10F , ‘ 1
“'..'.4." ‘|“‘...‘ 0-5 | '-‘..'\
%20 20 80 80 100 % 20 20 60 80 100
Xeut X

Figure 1: (a) The expected significance as a function of the cut value zcy; (b) the distributions of
signal and background with the optimal cut value indicated.
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Bayesian model selection

Fundamentally the probability of a hypothesis H; in the Bayesian
approach is given by its posterior probability given the data:

P(Hlx).
Finding this requires assignment of prior probabilities to all
hypotheses that are considered.

We can give the posterior odds (ratio of probabilities) for any pair
of hypotheses H; and H; (use Bayes’ theorem; factors of P(x)

cancel):
P(HZ|X) B P(X|HZ) 7T(Hi

)
P(Hjlx)  P(x|Hj) 7(H;)
posterior odds Bayes factor prior odds

See: Kass and Raftery, Bayes Factors, J. Am Stat. Assoc 90 (1995) 773.
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The Bayes factor
The Bayes factor B,; is the likelihood ratio of the two hypotheses:

B — P(x|H;) = posterior odds if one takes
Y P(x|Hj) prior odds equal to one.

The Bayes factor is regarded as measuring the weight of
evidence of the data in support of H; over H,. and can be used
much like a p-value (or Z value).

The Jeffreys scale, analogous to the 5o rule in Particle Physics:

By Evidence against H,

1to3 Not worth more than a bare mention
3to 20 Positive

20 to 150 Strong

> 150 Very strong
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Marginal likelihood (evidence)

If the model H, contains internal parameters #;, then these must
be characterized by a prior pdf 7,(60;|H;) and marginalized:

This is called the “marginal likelihood” or “evidence” of H..

It is independent of the overall prior probability of H,

(H;) = / (H;.0:) do,

but it depends on the prior pdf for the model’s internal

parameters 0, :
W(H’ia 92)

m(H;)
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Bayes factor for models with internal parameters

The Bayes factor is thus the ratio of marginal likelihoods for
the two models:

P(x|H;) | P(x|H;,6;)mi(0:|H;) db;
P(x|H;) [ P(x|Hj,0;)m;(0;|H;)d0;

Bij -

Simplifying the notation, the numerator and denominator are
both of the form

m:/pwmﬂmw

For high-dimensional @ these integrals can be very difficult to
compute (more on this later).
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Priors for Bayes factors

Prior pdfs for the marginal likelihoods used in Bayes factors
cannot be improper, i.e., they cannot be defined only up to an
arbitrary normalization constant, in which case B,;would not be

well defined.

Suppose we try to take a “non-informative” prior to be constant
out to some large cut-off, in the hope that the Bayes factor will

decouple from it:

1 (9) Y

_ L,
O

In such cases we find that the Bayes factor remains sensitive to
the cut-off even for a — .

So all priors used for Bayes factors must reflect a meaningful
degrees of uncertainty about the parameters.
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Bayes factor for Poisson counting experiment

Suppose n ~ Poisson(s + b) with b known. We want to compare

The likelihoods of H, and H, are

b
L(n|Hy) = —e™

Lnfs, ) = S ot
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Bayes factor for Poisson counting experiment (2)

Suppose the prior pdf for the parameter s in H, is:

n(s|Hy) = —

Smax

The posterior probability for s given n is, assuming H,,

L(n|s, Hy)mw(s|Hy)
| L(n|s, Hy)nw(s|H1) ds

p(8|na Hl) —

h)" —(s+b)
_ __lsxbre (0<5 < S

o (s 4 b)re= (1) ds

(8 + b)ne—(s—l—b) y= Iowelr
= incomplete
ﬁ)/(n_'_lasmax‘l'b) —”y(n—|—1,b) gamma

function
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Bayes factor for Poisson counting experiment (3)

In the limit s,,, — o this goes to

(S + b)ne—(s+b)
Tn+1) —v(n+1.0)

p(8|n7 Hl) —

xr
where fy(a,a:)zf t* et dt
0

is the lower incomplete gamma function.

Thus the posterior pdf for s given n under assumption of H,
decouples from s, ., in the limit s, ,, — %, and hence we

can use this limiting case e.g. for finding an upper limit
(credibility interval) for s.
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Bayes factor for Poisson counting experiment (4)

The hypothesis H, has no internal parameters so its marginal
likelihood is simply m, = L(n| H,).

The marginal likelihood of H is

mi /L(n|s,H1)7r(s|H1)ds

1 Smax
= / (s 4 b)"e” 5+ g
-Omax /0
1
— n!s (7(n+173max+b) _7(n+17b))
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Bayes factor for Poisson counting experiment (5)

So the Bayes factor is

ﬂ 1 ’Y(n+178max+b)_’)/(n+1ab)
mo Smax bre—b

B10

Example: b=2,n=28

10% ¢

As s, increases the data

ol start to favour H,.

As s.... increases further,
the larger volume of H,’s
parameter space penalizes
it (Ockham’s razor).

10"

10 1 10 102 10° 104
S

max
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Numerical determination of Bayes factors

Both numerator and denominator of Bl-j are of the form

m = /L(a‘:’|5}7r(§) dd <« ‘marginal likelihood’

Various ways to compute these, e.g., using sampling of the
posterior pdf (which we can do with MCMC).

Harmonic Mean (and improvements)
Importance sampling

Parallel tempering (~thermodynamic integration)
Nested Sampling (MultiNest), ...

Kass and Raftery, Bayes Factors, J. Am. Stat. Assoc. 90 (1995) 773-795.

Cong Han and Bradley Carlin, Markov Chain Monte Carlo Methods for Computing
Bayes Factors: A Comparative Review, J. Am. Stat. Assoc. 96 (2001) 1122-1132.

Phil Gregory, Bayesian Logical Data Analysis for the Physical Sciences, Cambridge
University Press, 2005.
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"Errors on errors”

The uncertainties on estimated systematic errors (“errors on
errors”) can in general play an important role in many analyses, see:

G. Cowan, Statistical Models with Uncertain Error Parameters,
Eur. Phys. J. C(2019) 79:133, arXiv:1809.05778

https://xkcd.com/2110/

It turns out that models that use
errors on errors have qualitatively
new, interesting, desirable features:

Sensitivity to outliers reduced.

Confidence intervals sensitive to
goodness of fit.

Effect on goodness of fit, p-values
5 ' P ’ T DON'T KNOW Hol To PROPAGATE.

significance. ERROR CORRECTLY, 50 I JUST PUT
ERROR BARS ON ALL MY ERROR BARS.
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Prototype example: + s
curve fitting, averages

Suppose independent > t
y; ~ Gauss, i = 1,...,N, with

Elyi] = o(xi; p)
V:yz': — Uz'2 ’

u=(uy,..., ) are M parameters in the fit function o(x;u).

If we take the o;as known, we have the usual log-likelihood

N — ol 1)
L) = —5 (v so(j(gz,m)
1=1 1

which leads to the Least Squares estimators for u.
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Goodness of fit for Least Squares

In the least-squares approach, the statistic

L(i) _ (i — s i)
R I

1=1 %

Likelihood of saturated model L(¢;,..., ¢y)

provides a measure of goodness of fit. The p-value of the
composite hypothesis p(x;u) is

p= N f(q)dq

dobs

If the y, ~ Gauss(p(x;;u), 0;) then f(qg) is chi-squared for N—M degrees
of freedom, independent of u (Wilks).

Special case: ¢(x;u)=u, i.e., testif the y;have acommon mean u

— g ~ chi-square(N—1) - p=1-F,2 (q)

XN-1
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What if the g; are not known?

The LS approach assumes that the standard deviations o; of the
measurements are known.

o; = statistical error, usually well estimated from sample size.

o; = systematic error:
related to stat. error of control measurement — well estimated
related to size of MC event sample — well estimated

systematic uncertainty from modelling of experiment — could
be poorly estimated

reflects uncertainty resulting from some mathematical
approximation (theory error) — could be poorly estimated

In general, we should allow that the g; may not be exactly known.

G. Cowan / RHUL Physics 4th KMI School, Nagoya / Lecture 3
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Gamma Variance Model 3 soos
G. Cowan, EPJC (2019) 79:133 - o
r=0.5
If the 67 are uncertain, we can take =10
them as adjustable parameters.
The estimated variances v; = s are
modeled as gamma distributed.
The likelihood becomes — % 2
\Y
N .
2 L imo(aim)?/202 Bi i1 B
L(M,O' )IH e Yi— P\ T b i /Uzz e 1Uq
i—1 /2702 [ev)
. T
Want  E.] = o2 = 9w s
[’UZ] O-Z & 2F [’Uz] E [SZ]
1 8%
4,ri2 Bz 0'Z-2
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Profile log-likelihood

One can profile over the 6 in close form.

The log-profile-likelihood is

N
InL'(p) =InL(p,0?) = — (1 + 2—2> In [1 + 22 Wi = (@i )
T

2 V;
i=1 t

Quadratic terms replace by sum of logs.
Equivalent to replacing Gauss pdf for y; by Student’s ¢, vy, = 1/2r?

Simple program for Student’s ¢ average: stave.py
http://www.pp.rhul.ac.uk/~cowan/stat/stave/
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Application to the muon g — 2 anomaly

The recently measured muon g — 2 (ave. of 2006, 2021) disagrees
with the Standard Model prediction with a significance of 4.20.

Muon g-2 Collab., PRL 126, 141801 (2021)

Discrepancy significantly

BNLg-2 '~ o = reduced by 2021 lattice-
based prediction of Borsanyi
FNALg-2 +——@ : et al. (BMW).

Current goal is to investigate

< 420 > e . .
sensitivity of significance to

error assumptions, so for

® — now focus on the 4.2¢0
Standard Model Experiment
Average problem.

175 180 185 190 195 200 205 210 215
9
ap><10 -1165900
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Muon g — 2 ingredients
Using  a, = (9—2)/2 y = a, x 10° — 1165900

the ingredients of the 4.20 effect are:

Yexp = 20.61 £ 0.41 (ave. of BNL 2006 and FNAL 2021)

L
N 037 (stat.) = 0.17 (sys.)

B. Abi et al. (Muon g—2 Collaboration), Measurement of the Positive Muon Anomalous
Magnetic Moment to 0.46 ppm, Phys. Rev. Lett. 126, 141801 (2021).

G. W. Bennett et al. (Muon g — 2 Collaboration), Final report of the E821 muon
anomalous magnetic moment measurement at BNL, Phys. Rev. D 73, 072003 (2006).

ysm = 18.10+:0.43 | (SM pred. by Muon g—2 theory initiative)

X,

N\
0.40 (Had. Vac. Pol.) == 0.18 (Had. Light-by-Light)

T. Aoyama, N. Asmussen, M. Benayoun, J. Bijnens, and T. Blum et al., The anomalous
magnetic moment of the muon in the standard model, Phys. Rep. 887, 1 (2020).
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Suppose ogq, uncertain

Suppose measurement errors well known, but that the SM theory
error o, (estimated 0.43) could be uncertain.

This is the largest systematic and probably hardest to estimate.

Treat estimate vq,; = (0.43)? of variance o\, as gamma distributed,
width from relative uncertainty parameter rq.

Maximum-likelihood for mean from minimum of

L)
Q(p) = —2In T

G. Cowan / RHUL Physics 4th KMI School, Nagoya / Lecture 3
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p-value/significance of common-mean hypothesis

Significance (goodness of fit) from ¢ = Q(fx).

Because of non-quadratic term in O(u), distribution of g departs
from chi-square(1) for increasing rqy;.

Best to get distribution of g from Monte Carlo (and speed up with
Bartlett correction — see EPJC (2019) 79:133).

For rqy > 0 distribution of g depends on ¢%gy,. For MC use
Maximum-Likelihood estimate (“profile construction”):

~5._ vsM+ 2r§y(ysm — 4)°
oM = 5
14 2rgy
o0
MC — f(q) — p =/ f(q)dq — significance Z = ® (1 — p/2)
q,0bs \

# of sigmas
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Significance of discrepancy versus rq,

5

(o)

(O]

N

significance

|
1

—— Gamma variance model
- == Naive model

0 . . . . .
0.0 0.1 0.2 0.3 0.4 0.5 0.6

I'sm

Naive model: use least squares but let og; — (1 + rg\) Ogm

Gamma variance model gives greater decrease in significance for
rev = 0.2, e.g., 3.10 for rqy; = 0.3, 2.00 for rqy; = 0.6.
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Significance of discrepancy versus rqy

10
— 2021 values
8 ——=-= Exp. unc. halved
Exp. and SM unc. halved

5
v 67
O
C
©
O
c
o
w0

0 T T T T T

0.0 0.1 0.2 0.3 0.4 0.5 0.6

I'sm

Establishing 40 effect requires rqy; < 0.3 even if nominal exp.

and SM uncertainties become half of present values.
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Discussion on muon g—2

Including uncertainties on estimates of uncertainties can have large
effect on hypothesis test, esp. for high significance.
To establish e.g. a 5o effect it is crucial to have both:

small uncertainties

accurate estimates of those uncertainties (~ 20% level)

This is ultimately because the tails of the Gaussian fall off so quickly.

Gamma Variance Model ~ Student’s ¢ likelihood with v = 1/272
degrees of freedom — longer tails than Gaussian.

Ongoing discussion with Bogdan Malaescu of Muon g-2 Theory
Initiative on the HVP uncertainty, see, e.g.,

B. Malaescu et al., https://indico.him.uni-
mainz.de/event/11/contributions/80/attachments/50/51/amuWorkshop_Correlations_Malaescu.pdf

M. Davier et al., Eur. Phys. J. C 80 (2020) 241 , arXiv:1908.00921
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Discussion on Gamma Variance Model

Other features of Gamma Variance Model (see EPJC (2019) 79:133
and the extra slides)

averages/fits become less sensitive to outliers;

confidence intervals linked to goodness of fit;

straightforward to include multiple correlated error sources.
But... is part of the reason for requiring 5o for discovery not to

account for uncertainties in assigned errors? Is there a trade-off
between “errors on errors” and the requirement for discovery?

Best to have most realistic model. If the estimated errors are
indeed uncertain, this should be reflected in the model.

Bottom line — it is very difficult to establish convincing evidence
for a new physics if relevant uncertainties are estimated in an ad
hoc way. We need robust procedures for their assignment.

G. Cowan / RHUL Physics 4th KMI School, Nagoya / Lecture 3



Finally

Three lectures only enough for a brief discussion of:

Parameter estimation

Hypothesis tests (— path to Machine Learning)

Limits (confidence intervals/regions)

Systematics (nuisance parameters)

Bayesian methods, MCMC

A bit beyond... (“errors on errors”
Final thought: once the basic formalism is fixed, most of the
work focuses on writing down the likelihood, e.g., P(x|@), and
including in it enough parameters to adequately describe the

data (true for both Bayesian and frequentist approaches) so
often best to invest most of your time with it.
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Harmonic mean estimator

E.g., consider only one model and write Bayes theorem as:

m(0) is normalized to unity so integrate both sides,

posterior

/ expectation

m = / L(%lmp(mx) d@ = Ep[1/L]

Therefore sample @ from the posterior via MCMC and estimate m
with one over the average of 1/L (the harmonic mean of L).

M.A. Newton and A.E. Raftery, Approzimate Bayesian Inference by the Weighted Like-
lihood Bootstrap, Journal of the Royal Statistical Society B 56 (1994) 3-48.

Called the “worst Monte Carlo method ever”

https://radfordneal.wordpress.com/2008/08/17/the-harmonic-mean-of-the-likelihood-worst-monte-carlo-method-ever/
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Improvements to harmonic mean estimator

The harmonic mean estimator is numerically very unstable;
formally infinite variance (!). A variant (cf. Gelfand and Dey):

Rearrange Bayes thm; multiply f(@)p@|x) f(0)

0
both sides by arbitrary pdf f(8): L(x|0)7(0) m

Integrate over @: m™' = / L(lecé(gjr(g)pw'x) d0 = E, [L(x{é‘;)rw)]

Improved convergence if tails of f(0) fall off faster than L(x|0)x(0)

Note harmonic mean estimator is special case f(8) = n(0).

A.E. Gelfand and D.K. Dey, Bayesian model choice: asymptotics and ezact calculations,
Journal of the Royal Statistical Society B 56 (1994) 501-514.
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Adaptive Harmonic Mean Integration

A. Caldwell et al., International Journal of Modern R @ %
Physics A Vol. 35, No. 24 (2020) 2050142 LA A

b
¢S/G“’\% Max-Planck-Institut ﬁjr Physik

eeeeeeeeeeeeeeeeee -Institut)

Want to compute [ = / F(A)dA (QQ = support of f)
Q

E.g. /(1) =L(A) n(4) = unnormalized target density; we can
sample from this with MCMC.

Define integral over subvolume A of Q with volume V',

In
1

In = /A FONA r
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Adaptive Harmonic Mean Integration (2)

If /(1) not small in A, then we can find /, from harmonic mean:

1 1 f(\) 1 Va 1 1
E|l—| = d=— [ d=-2~
[f()‘)])\eA /A fA) Ia In Ja In  Na /\Z:A f(Xi)
Sample A from f(4) using MCMC, estimate . Na
r = 1,/I with fraction of points found in A: Nq
N NaVa
Use these to estimate I: I =— = 1
" ZN’EA ()

“The task of estimating our integral, therefore reduces to choosing one or several
subspaces A — typically small regions around local modes of f(A). The full space
Q over which the integration ought to be performed can be large or even infinite,
while this does not affect the outcome of our integral estimate.”

A. Caldwell et al., JMP A Vol. 35, No. 24 (2020) 2050142
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A. Caldwell et al., JMP A Vol. 35, No. 24 (2020) 2050142

Adaptive Harmonic Mean Integration (3)
Testing AHMI with multimodal multidimensional Cauchy pdf

Ratio to Truth

Lbowaa

Libownws a

1.044
1.024

— Truth — () == (0 0]

=
2 1.00
L2
©
0.98

t=500

+ +

Ll blownwaa

| 0.96
Y ) 5 - 0 5 -5 ) 5 -5 ) s
M Py X A

Challenging pdf because of long tails.

Good results for up to 7 dimensions for

MCMC sample size of 10°.
Software: Bayesian Analysis Toolkit 3 o3
https://github.com/bat/BAT.jl BAT

BAYESIAN ANALYSIS TOOLKIT
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Importance sampling

Need pdf f/(#) which we can evaluate at arbitrary # and also
sample with MC.

The marginal likelihood can be written

_ [ L(x|6)7(9) _ . [L(x]0)7(8)
m_/ 7oy OO =E; [ f(6) ]
Sample 0 ~ f(0), compute average of L(x|0)n(0)//(0).
Best convergence when f(#) approximates shape of L(x|0)x(0).

Use for f(#) e.g. multivariate Gaussian with mean and covariance
estimated from posterior.
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Nested sampling

J. Skilling, Bayesian Analysis, No. 4, pp. 833-860 (2006)

We want to compute Z = evidence = /LdX L = L(0)
dX = m(0)do

Can add up portions of X (equivalently, #) space in any order. Use

X(\) = / 7(0)do X near 1- means low 4, all of
L(6)>X\ 0 space included.

Write inverse function as L(X()\)) = A so that the desired result is

7 /1 L(X)dX Elements of 0 space are sorted
0 by decreasing likelihood.
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J. Skilling, Bayesian Analysis, No. 4, pp. 833-860 (2006)

Nested sampling (2)

The evidence Z
is the area under

the curve of L(X).

—eo—® —e
Parameter space 0o X5 X, X4

Figure 3: Nested likelihood contours are sorted to enclosed prior mass X.

Computational challenge is to sample @ space from prior subject
to constraint L(#) > A. Software: MultiNest

Farhan Feroz, Mike Hobson, Mon. Not. Roy. Astron. Soc., 384, 2, 449-463 (2008);
arXiv:0704.3704,

F. Feroz, M.P. Hobson, M. Bridges, Mon. Not. Roy. Astron. Soc. 398: 1601-1614,2009;
arXiv:0809.3437

F. Feroz, M.P. Hobson, E. Cameron, A.N. Pettitt, arXiv:1306.2144
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Full likelihood for gamma variance model

N
2 L (wi—6,)2/202
L(p,0,0,) = P(y|p,0) H € (v \2u,
i=1 \/27'('0’,32,
B o1 » a; = 1/4r?
X i~ le—Bivi -
l’\(az) (4 IBZ az O-ul
Treated like data: ViseesVI (the primary measurements)
Ul,...,Un (estimates of nuisance par.)
Vipeees VN (estimates of variances

of estimates of NP)

Adjustable parameters: uy,...,uy;,  (parameters of interest)
0,,...,0y  (nuisance parameters)

O, 150, n (SYS.errors = std. dev. of
of NP estimates)
Fixed parameters: Vlyeeesl'N (rel. err. in estimate of ¢, ;)
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Sensitivity of average to outliers

Suppose we average 5 values, y =8, 9, 10, 11, 12, all with
stat. and sys. errors of 1.0, and suppose negligible error on error

(here take » = 0.01 for all).

> 25—
u=1000+063 * data
qg=50 A
20F H
p=0.29
r=0.01 (all)
15+
inner error bars
1 |
i S
{ t outer error bars
- (Uy,i2 +0,7)"
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Sensitivity of average to outliers (2)

Now suppose the measurement at 10 had come out at 20:

> 29

20 +

15+

10 -

n=12.00+0.63
q'=449
p=41x10?
r=0.01 (all)

T~

H—e—

“outlier”

Estimate pulled up to 12.0, size of confidence interval ~unchanged
(would be exactly unchanged with » — 0).

G. Cowan / RHUL Physics

4th KMI School, Nagoya / Lecture 3

54



Average with all »=0.2

If we assign to each measurement r=0.2,

> 25
ﬁ =10.00 £0.65 * data
qg=49 o~
0t 2
p=0.30
r=0.2 (all)
15+

i

10 {

+—e—1

Estimate still at 10.00, size of interval moves 0.63 - 0.65
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Average with all »= 0.2 with outlier

Same now with the outlier (middle measurement 10 — 20)

> 25 —
i=10.75+078 . data
q'=305 — &
201 p=39x10° {
r=0.2 (all
15 |

o |

5

Estimate —10.75 (outlier pulls much less).

Half-size of interval — 0.78 (inflated because of bad g.o.f.).

G. Cowan / RHUL Physics 4th KMI School, Nagoya / Lecture 3

56



Naive approach to errors on errors

Naively one might think that the error on the error in the previous
example could be taken into account conservatively by inflating
the systematic errors, i.e.,

Oy, — Oy, (14 175)

But this gives

ft = 10.00 £ 0.70 without outlier (middle meas. 10)

ft = 12.0040.70 with outlier (middle meas. 20)

So the sensitivity to the outlier is not reduced and the size of the
confidence interval is still independent of goodness of fit.
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Correlated uncertainties

The phrase “correlated uncertainties” usually means that a single
nuisance parameter affects the distribution (e.g., the mean) of more
than one measurement.

For example, consider measurements y, parameters of interest u,
nuisance parameters 8 with

N
Elyi] = ¢i(1,0) ~ ¢i(p) + Y Rijb;

7=1

That is, the 6, are defined here as contributing to a bias and
the (known) factors R;; determine how much 6, affects y..

As before suppose one has independent control measurements
u~ Gauss(0;, o,,).
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Correlated uncertainties (2)

N
The total bias of y;can be definedas b, =) " R;;6;
=1

N

which can be estimated with ~ p;, = Z R;;u;
=1

These estimators are correlated having covariance

N
Uij = cov[bi, bj] = Y RixRjrV [ux]
k=1
In this sense the present method treats “correlated uncertainties”,
i.e., the control measurements u; are independent, but nuisance
parameters affect multiple measurements, and thus bias estimates
are correlated.
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