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energy physics. Unbinned maximum likelihood fits using
event weights, for example to statistically subtract back-
ground contributions via the sPlot formalism, or to correct
for acceptance effects, have recently seen increasing use in
the community. However, it is well known that the naive
approach to the estimation of parameter uncertainties via the
second derivative of the logarithmic likelihood does not yield
confidence intervals with the correct coverage in the pres-
ence of event weights. This paper derives the asymptotically
correct expressions and compares them with several com-
monly used approaches for the determination of parameter
uncertainties, some of which are shown to not generally be
asymptotically correct. In addition, the effect of uncertain-
ties on event weights is discussed, including uncertainties
that can arise from the presence of nuisance parameters in
the determination of sWeights.
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1 Introduction

Unbinned maximum likelihood fits are an essential tool for
parameter estimation in high energy physics, due to the desir-
able features of the maximum likelihood estimator. In the
asymptotic limit the maximum likelihood estimator is nor-
mally distributed around the true parameter value and its vari-
ance is equal to the minimum variance bound [1,2]. Further-
more, in the unbinned approach no information is lost due to
binning.

The inclusion of weights into the maximum likelihood
formalism is desirable in many applications. Examples are
the statistical subtraction of background events in the sPlot
formalism [3] through the use of per-event weights, and the
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correction of acceptance effects via weighting by the inverse
efficiency. However, with the inclusion of per-event weights
the confidence intervals determined by the inverse second
derivative of the negative logarithmic likelihood (in the mul-
tidimensional case the inverse of the Hessian matrix of the
negative logarithmic likelihood) are no longer asymptotically
correct.! There are several approaches that are commonly
used to determine confidence intervals in the presence of
event weights. However, as will be shown below, not all
of these techniques are guaranteed to give asymptotically
correct coverage. In this paper, the asymptotically correct
expressions for the determination of parameter uncertainties
will be derived and then compared with these approaches.

This paper is structured as follows: In Sect. 2 the unbinned
maximum likelihood formalism is briefly summarised and
the inclusion of event weights is discussed. The asymptoti-
cally correct expression for static event weights is derived
in Sect. 2.1 and compared with several commonly used
approaches to determine uncertainties in weighted maximum
likelihood fits in Sect. 2.2. Section 3.1 details the correction of
acceptance effects through event weights and discusses the
impact of weight uncertainties in this context. Section 3.2
derives the asymptotically correct expressions for parameter
uncertainties from fits of sWeighted data, and also details the
impact of potential nuisance parameters present in the deter-
mination of sWeights. Different approaches to the determina-
tion of parameter uncertainties are compared and contrasted
using two specific examples in Sect. 4, an angular fit correct-
ing for an acceptance effect (Sect. 4.1) and the determination
of alifetime when statistically subtracting background events
using sWeights (Sect. 4.2). Finally, conclusions are given in
Sect. 5.

2 Unbinned maximum likelihood fits and event weights

The maximum likelihood estimator for a set of Np param-
eters A = {)\.1, ce AN } given N independent and identi-
cally distributed measurements x = {xy, ..., xy}, is deter-
mined by solving (typically numerically using a software
package like MINUIT [5]) the maximum likelihood condition

ad

—InL(xy,...,xy; M) =0

o0 n L(xy XN )i
Y9
Z—lnmxe;n’ =0, M
periky i

where P (x.; A) denotes the probability density function eval-
uated for the event x, and parameters A. Maximising the

! It should further be noted, that the inclusion of event weights involves
some loss of information [4].
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logarithmic likelihood In £ finds the parameters X for which
the measured data x becomes the most likely. The covari-
ance matrix C for the parameters in the absence of event
weights can be calculated from the inverse matrix of second
derivatives (the Hessian matrix) of the negative logarithmic
likelihood
-1
)

32
Cl‘j=— lnﬁ()q,..
OA;OA
-1

N 82
_ <Z T InP(xq; A) ) . 2)

e=1 )y

XN A)

evaluated at A = A. When including event weights we—1, n
to give each measurement a specific weight the maximum
likelihood condition becomes?

N 3
Z wem InP(x.: A) . =0. 3)

e=1

Depending on the application, the weight w, can be a function
of x, and other event quantities y, that P(x.; A) does not
depend on directly. For efficiency corrections the weights are
given by w,(xe, y.) = 1/€(x,, ye) as detailed in Sect. 3.1, for
sWeights the weights w.(y.) depend on the discriminating
variable y as described in Sect. 3.2. It should be noted, that
the weighted inverse Hessian matrix

—1

c S e PGy )
ij = = We Xe; .
J = 8)»,'3)»/' .

A

will generally not give asymptotically correct confidence
intervals. This can be most easily seen when assuming con-
stant weights w, = w which will result in an over-estimation
(w > 1) or under-estimation (w < 1) of the statistical power
of the sample and confidence intervals that thus under- or
overcover.

2.1 Asymptotically correct uncertainties in the presence of
per-event weights

To derive the parameter variance in the presence of event
weights, which for now are considered to be static, the simple
case of a single parameter X is discussed first. In this case,
the estimator A is defined implicitly by the condition

2 Tt should be noted that the left-hand side of Eq. 3 strictly speaking
is no longer a standard logarithmic likelihood, however that does not
preclude its use in parameter estimation as an estimating function.
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A

N dInP(x.; A)
> LP D)
o

e=1

which is referred to as an estimating equation in the statistical
literature. A central prerequisite for the following derivation
is the property?

N
dInP(x.; A)
B3 w T

e=1

> =0, (6)
A0

which is shown for event weights to correct an acceptance
effect in Sect. 3.1 (Eq. 29). The more complex case of
sWeights will be discussed in Sect. 3.2 (see Eqs. 42-44).
Using the fact that Ewd*InP/3r2];) < 0 (see Eq. 30) it
can be shown that the estimator A defined by Eq. 5 is con-
sistent [6]. We can then Taylor-expand Eq. 5 to first order
around the (unknown) true value Ag, to which N converges in
the asymptotic limit of large N:

N N 2
0InP(xe; A) A 0°InP (x5 A)
we ————< 221 4 (A= we ——< 21—,
e g ) T |
(N
This equation can be rewritten as
N dInP(xe;1)
. D=1 We 7 ‘A
A — )\0 = — N oy Y 0
n Xe;
Do We Tl |,
N 91nP(x.;M)
Ze:l We ERN 20
= + O(1/N), (®)

B 9210 P (xeih)
NE(w 22 In Preid)

W)

giving the deviation of the estimator A from the true value
Ao. Here, we used that the sum in the denominator goes to

y

in the asymptotic limit due to the law of large numbers. Due
to the central limit theorem, the numerator converges to a
Gaussian distribution with mean zero (according to Eq. 6)
and variance

32 InP(x; A)

N 2P x,: A
Z We ar2

A2

— NE(w

e=1 0

&)

3 Estimating functions fulfilling Eq. 6 are referred to as unbiased esti-
mating equations in the statistical literature (see e.g. Ref. [6]). It should
be noted that the existence of an unbiased estimating equation does not
imply that the corresponding estimator itself is unbiased. In particular, it
is well known that maximum likelihood estimators are biased for finite
samples.

Nvar (w dlnP(x; A)

L)

5 0InP(x; 1)
oA

olnP(x; L)
o o

=NE(w

). (10)
A0

Using Egs. 9 and 10, the variance in the asymptotic limit at
leading order is thus given by

E (G -20?)

2 dlnP(x;)\) dlnP(x;)\)
E <w T ‘)»0

oA )»0>

- 2L an
NE(w 32InP(x;1)
20

9A2
The right-hand side of Eq. 11 is the inverse Godambe infor-
mation [7,8], which is central to the theory of estimating
equations. As the estimator is consistent, we replace Ao with
X in the asymptotic limit, and further estimate the expectation
values through the sample, resulting in

var(): — A0)

var(h — Ag)
N 2 dlnP(xp;0) dInP(xp;0)
e=te —0 |3 3
- N 821In P (xp:0) N 2P| )’
e=tWe 7/ |3 e=tWe /530 |3

12)

This expression is also known as the sandwich estimator.
In the case where event weights are absent (w, = 1), the
numerator in Eq. 11 cancels with one of the inverse Hessian

matrices as in this case
2 InP(x; A
)2 )
A0 ar ro

(13)
For w, = 1 the Godambe information thus simplifies to the
well known Fisher information.
For the multidimensional case we analogously Taylor-
expand Eq. 3 to first order, resulting in

9lnP(x; 1)
w0k

E( dlnP(x; 1)
oA

N 9 N Np
D we g PG V)| + D we Y (= ko)
e=1 ! Aooe=1 =1
2
InP(xe; A =0, 14
X gy P )AO (14)

which can be written as a matrix equation

Np
dily,=— Y Hijl,, (i - xoj) with the definitions
j=1
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N
dInP(x.; A)
di = ZweTie and
e=1
L
H;j = we——— InP(x,; A). (15)
p OA; 0N

Matrix inversion yields an expression for the deviation of the
estimator A; from the true value Ag;

Z H; (16)
The covariance matrix C is then given by
Cij=E <5»i — hoi) (A —)»Oj))
Np
-y H;lEamm)Hgﬂi
k=1
Np N
Y (Z zalniixe,l) Blnzixe,l)> et
k=1 e=1 k ! i
(17)
which can be compactly written as
Np
Cij = H;'Dy Hljf‘ , with
k=1
N
dInP(x.; ) 0InP(x,; X)
Dy = 2 18
Kl = Z ETe o (18)

e=1

The above expressions are familiar from the derivation of
Eq. 2 (in the absence of event weights) in standard textbooks
(e.g. Ref. [9]). Equation 18 has been previously discussed in
Ref. [4] in the context of event weights for efficiency correc-
tion. However, it does not seem to be commonly used and
often one of the approaches detailed below in Sect. 2.2 is
employed instead.

2.2 Commonly used approaches to uncertainties in
weighted fits

Instead of using the asymptotically correct approach for static
event weights given by Eq. 18, often other techniques are used
to determine parameter uncertainties in weighted unbinned
maximum likelihood fits which are presented below. We
stress that of the techniques (a)—(c) listed below only the
bootstrapping approach (c) will result in generally asymp-
totically correct uncertainties.

@ Springer

(a) A simple approach used sometimes (e.g. in Ref. [10]) is
to rescale the weights w, according to

(19)

and to use Eq. 4 with the weights w/,. This will rescale
the weights such that their sum corresponds to Kish’s
effective sample size [11], however, this approach will
not generally reproduce the result in Eq. 18.

(b) A method proposed in Refs. [1,2] is to correct the covari-
ance matrix according to

Np
= > Hy'WaH'|.. (20)

k=1

where H is the weighted Hessian matrix defined in Eq. 15
and W is the Hessian matrix determined using squared
weights wZ according to

532 InP(x,; 1)

21
oA oA @h

N
sz——Z

This method is the nominal method used in the ROOFIT
software package when using weighted events [12] and
is thus widely used in particle physics. It corresponds to
the result in Eq. 18 only if

)

N
0InP(x.; L)
E(Z wf IR
> (22)
i

e=1

N 5 32 InP(xe; L)

=—F W, ————————
IR IY

This is however not generally the case. This becomes

more clear when rewriting the left- and right-hand side

of Eq. 22 according to

0InP(x.; L)
3 aIr;

iwg AINP(e; )| dInP(xe; )
p A 3 oA 3
Nowr 9PN 9P M)
ZZI:’PZ(xe;X) YV P o P
(23)
iwg 92 1n P (xe; 1)
= OALOA; 3
i w2 PG )| 9P A
P ) o i 0 g
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B i wg 32P(xe; M) (24)

P(xe; &) 0ApoA;

e=1 i
The expectation value of the second part on the right-
hand side of Eq. 24 is not generally zero. While Refs.

[1,2] correctly derive that the expectation value

2 .
aP(x,x)>:O 03)

w
P(x;X) 0AgoA;

for an efficiency correction €, = 1/w,, this is not gen-
erally the case for the expression with squared weights

2Dy
0P (x; X)) 26)

w2
Px;A) 0rpoXr

resulting in confidence intervals that are not generally
asymptotically correct when using this approach. This
will be detailed for efficiency corrections in Sect. 3.1.
For the specific example discussed in Sect. 4.1, the cor-
responding expectation values are calculated explicitly
in Appendix A.

(c) A general approach for the determination of parame-
ter uncertainties is to bootstrap the data [13]. Repeat-
edly resampling the data set with replacement allows
new samples to be generated that can in turn be used
to estimate the parameters A using the maximum like-
lihood method. The width of the distribution of esti-
mated parameter values can then be used as estimator
for the parameter uncertainty. This approach is generally
valid, however repeatedly (typically O(10°) times) solv-
ing Eq. 3 numerically can be computationally expensive
and thus this approach is often unfeasible.

3 Event weights and inclusion of weight uncertainties
3.1 Acceptance corrections

Following the notation in Refs. [1,2], this section details
the correction of acceptance effects using event weights.
Acceptance of events with a certain probability €, depend-
ing on the measurements x, and y,, can be accounted for in
unbinned maximum likelihood fits by using event weights
w, = 1/e(xe, yo) in Eq. 3. The efficiency €(x, y) should
be positive over the full phasespace considered, regions of
phasespace where the efficiency is zero should be excluded
from the analysis.* Here, we differentiate between the quan-
tities x that the probability density function P(x; A) in Eq. 3
depends on directly, and potential additional quantities y that

4 To exclude pathological cases we furthermore require Z?’:l we =
SN 1/€. tobe of O(N).

can depend on x. Using event weights can be advantageous
when itis difficult or computationally expensive to determine
the norm of the probability density function when including
the efficiency as an explicit additional multiplicative factor
€(x, y). The covariance in this case can be estimated using
Eq. 18 as previously suggested in Ref. [4].

To determine expectation values it is necessary to include
the acceptance effect in the probability density function. The
probability density function P(x, y; A) gives the probability
to find the measurements x and y depending on the parame-
ters A with

Px,y; X)) =Px; M)Q(y; x) 27

and the proper normalisation [ P(x; A)dx = land [ Q(y; x)
dy = 1. The resulting total probability density function
including the acceptance effect is then given by

Px; M)Q(y; x)e(x, y)
S Px; M)Q(y: x)e(x, y)dxdy
=Px; M)Q(y; x)e(x, y) /N (28)

Gx,y;h) =

with normalisation V. This is the probability density function
that needs to be used when determining expectation values.
For the likelihood condition we find

dlnP(x; L)
ot
_ 1 aP(x; L)
_E(w("’”m;x) o) )

_/ 1 1 aPx;h)
) e, y) P ) 9

d d
= aTj/P(x, 2 O(y; x)dxdy/N = ale//\/’ =0, (29)

Px; M)Q(y; x)e(x, y)dxdy /N

confirming the central property of Eq. 6. Further, we obtain

2 InP(x; k))

E<w(x,y) I
1 J

1 92P(x;1)
P(x;h) 0404 )
1 8P X)) aP(kx;A)
_E<w(x’y)7>2(x;x) o o )
1 1 %P M)
:/e(x,y) P(xih) 9r0k,
1 1 AP (x; L)
_/e(x,y) PI(x;h)

0P (x; A
(;“ )P M)Q(y: e x, y)dxdy/N

= E(w(x, y)

Px; M)Q(y; x)e(x, y)dxdy/N

X

arj
B 1 9P(x; L) aP(x; L)
- / ST dx /N, (30)

Ok ok,
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where also the expectation value in Eq. 25 is shown, and

dInP(x;A) dlnP(x; A)
E{w(x,y) Ty Ty
i J

—E< (x,y) 1 0P (x; A) 8P(x;k)>
= wx,y 732(_x; A.) a)\q ak]
—/ ! I 9P(x;A)
) e, y) PR A) 9N

x %Pu; MOy e, y)dxdy /N

J

— azlnP(x; A)
- _E(w(x’y)Tax,-) G1)

However, the equality derived above is not generally fulfilled
for squared weights. In this case, we find

E<w2(x y)azlnP(x; x))

OA;OA
1 3PP(x; A
:E(wz(x,y)P : Px: )>
(x;A) 0A;0A;

_E(wz(x’y) ! aP(x;x)aP(x;n)

P2(x;A)  0A OAj

8)» 0% / . P(x L) Q(y; x)dxdy /N

1 1 AP (x; A)
_/e(x V) Px:A) oA

877 A
a(x ) O(y: x)dxdy/ N (32)
/

and

01 iA) 0l TA
(v 2P AP
Ai oA

_ E(wz(x, » 1 OP(x; A) 9P (x; k))

PZ(x;A) O oA
1 1 0P(x;X) 0P(x; A)
- / e(x,y) P(x;A) ki oA,
x Q(y; x)dxdy /N

— _E(v )lenP(x;k)
- Y OA;OA;

82
+ OA;OA;

f ! P(x; M)Q(y; x)dxdy/N,  (33)
€(x,y)

where the term in the last line of Eq. 33, which corresponds
to the expectation value in Eq. 26, is not generally zero, as
the integral in the numerator can retain a dependence on A.
For the example discussed in Sect. 4.1 this is explicitly calcu-
lated in Appendix A. This shows that parameter uncertainties
determined using Eq. 20 are not generally asymptotically cor-

@ Springer

rect when performing weighted fits to account for acceptance
corrections.

3.1.1 Weight uncertainties

If the weights to correct for an acceptance effect are only
known to a certain precision, i.e. they are not fixed as assumed
in Sect. 2.1, this induces an additional variance that is not
included in Eq. 18 and that needs to be accounted for. This
additional covariance can be estimated using standard error
propagation, starting from Eq. 16. For weights depending on
the N1 parameters p,, with covariance matrix M, this results
in

NT o >
3G — Ao G — ho;
clhi=3 Gi = 20i) I Zhoj) L (34)
moa=l 0pm 0pn
> Np Np 71
A(hi—Aoi dd,; OH;;
Whizto) __shpo 24| o0 )
0pm =l 0pm oo 0pm 20

where d; and H;; are defined in Eq. 15. Due to the likelihood
condition dj|; = 0, the second term in Eq. 35 behaves as
O(1/+/N) and only the first term needs to be considered.

For the case of an efficiency histogram, where the
efficiency is given in Np bins with weight uncertainty
Om=1,...,Ng> Weights inside a bin are fully correlated, but typi-
cally uncorrelated with other bins. In this case, the additional
covariance matrix that needs to be added to account for the
weight uncertainties is given by

A

I (Pres
k
iDHU‘. (36)

k=1 eebinm
y [ 5 310 P(x.; L)
. oA
eebinm

If the efficiency is modelled analytically, for example by a
parameterisation that is fit to simulated samples, the impact
of the uncertainty of the parameters p on the event weights
we(p) = 1/€.(p) needs to be accounted for. For N7 parame-
ters with covariance M the additional covariance matrix that
needs to be added to Eq. 18 is given by

Np Nt N
_ ow, IInP(xe; A)
cli=>Y Hi' (§ —2 M
J ik . mn
k,1=1 et Nezi OPm Ok A

i dw, 81n77(xe, L)
9pn

> H,]_.l. (37)
A

Identical results are obtained when using the systematic
approach to error propagation that is employed for sWeights
in the next section, which is based on combining the estimat-
ing equations for the parameters p and A in a single vector.
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Fig. 1 Angular cos @ distribution of (black) data and (red) efficiency corrected events for 10 000 pseudoexperiments consisting of 1000 events

each

3.2 The sPlot formalism

The sPlot formalism was introduced in Ref. [3] to statistically
separate different event species in a data sample using per-
event weights, the so-called sWeights, that are determined
using a discriminating variable (in the following denoted
by y). The sWeights allow to reconstruct the distribution of
the different species in a control variable (in the following
denoted by x), assuming the control and discriminating vari-
ables are statistically independent for each species. In this
section, only a brief recap of the sPlot formalism is given, it
is described in more detail in Ref. [3].

The sWeights are determined using an extended unbinned
maximum likelihood fit of the discriminating variable y
where the Ny different event species are well separated. An
example of a discriminating variable (which will be discussed
in more detail in Sect. 4.2) would be the reconstructed mass
of a particle which is flat for the background components
and peaks clearly for the signal component. For the typical
use case of a signal component of interest and a single back-
ground component, the sWeight for event e is given by

Vis Ps(ve) + Vb Po(ye)

Ws(Ye) = —= -
Nsps(ye) + Nbpb(ye)
3 Vo Ps(ve) = Vi Po(3e)
Vg = Vo hPse) + (Vs = Vi HPo(re)

(38)

where I\A/S = Vss + ‘A/Sb and Nb = Vbb + Vsb is used [3].
Retaining only the dependency on the inverse covariance
matrix elements VJI simplifies the following derivations.
The estimates for the inverse covariance matrix elements are

given by
N

‘}ij—_l _ Z _ Pi(ye)P{(ye) N

e=1 (Nsps(ye) + Nbpb(ye))

1 _ Pi(»)P;(y) .

Y NiPs(y) + NoPo(y) .

with expectation

(39)

Using the sWeights in a weighted unbinned maximum like-
lihood fit allows to statistically subtract events originating
from species not of interest [14], by including them as event
weights in Eq. 3, resulting in the estimating equations

N
A oA A1 0InP(xe; A)
Zws(ye;vssl9vb]avbb])—e

=0.
$ aIr; 3

(40)

e=1

The sWeights depend on estimates for the inverse covari-
ance matrix elements th_l (Eq. 38), which in turn depend
on estimates for the signal and background yields (Eq. 39)
determined from the same sample.5 To account for this effect,
i.e. in order to systematically perform error propagation, it
is useful to combine the estimating equations for the yields
N and Ny, the inverse covariance matrix elements Vi;.l, and

the parameters of interest A in a single vector

(ps(y; Ns, Np)

b (y; Ns, Np)
Vss (¥ Vi L N, Np)
Ysb (93 V' Ne, No)
Vi (¥ V', Ne, Np)

g,y VL vt vigh

glx,y;0) =

3> Problems of this type are discussed in the statistical literature as two-
step M-estimation, see for example Refs. [15-17].
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Fig. 2 Pull distributions from 10000 pseudoexperiments for the dif-
ferent approaches to the uncertainty estimation for the efficiency cor-
rection €(cos#) = 1.0 — 0.7 cos? 6 at a total yield of 2000 events for
each pseudoexperiment

Yo ax: [INNsPs () + NoPo(ye)) — e ]
Ze 3?\’1, [ln(Nsps(Ye) + NoPo(ye)) — Ns;Nb]
Y, [Pl V;‘]
_ €L (NsPs(ye)+No Py (ye))? ]\11
- Z [ Ps(3e) Po (ve) _ Vsb ] ’
€L (NsPs(ye)+No Po (ve))? N
Z [ Pb (e) Po (ve) Vi
€ (Nsps(}'e)+Nbe(}'c))2 N

-1 —1 —1y dIn P (xe;A
Ze ws (Ve Vis's Vs Vi )%

(41)

where @ denotes the vector of parameters 8§ = {Ns, Ny, Vs?l,
Vs._bl, V};?l, ATt shoulq be noted tl.lat S(.)lving g(J.C, y; 6) |0 =
0 is equivalent to solving the estimating equations for the
yields, the inverse covariance matrix elements, and the

parameters of interest A sequentially. It can be shown that
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Fig. 3 Pull distributions from 10000 pseudoexperiments for the dif-
ferent approaches to the uncertainty estimation for the efficiency cor-
rection €(cos#) = 0.3 4 0.7 cos? 6 at a total yield of 2000 events for
each pseudoexperiment

E (g(x, y; 6) Ioo) = 0, i.e. the estimating equations are unbi-
ased,® as

Pi (NsPs + NpPp)
E(‘Pi(yé Ns, Nb)‘oo) = / Wd}’ -1=0 (42)

_ PiP; _
E(x/f,-j(y; wjl,Ns,Nb>\00)=f NN O EVh=0.
(43)

and
E(gi(x, ik vl Vszl’ Vb;l)|90>

6 Note that the expectation values are evaluated at the true parameter
values 6 which simplifies their calculation significantly.
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9 1In Py (xe; A
= E(Z ws(ye)%)

_ / Vip Po(y) = Viy Po(y) 0 1In Py (x: 1)
V)l = VOPs) + (Vs =V H Py O
X (NsPs(x)Ps(y) + NpPp(x)Pp(y))dxdy

_ / ~ V_“f Ps(y) vsg_lfb(w_l Po)dy
(Vbb - Vsb YPs(0) + (Vg™ — Vsb YPo ()
Po (x) BPs(x;)»)dx
PP n) o
Ki
Vbb Vrb Vv;lvh;l x ki = 0. (44)

The covariance matrix for the full system in the asymptotic
limit is given by’ [6,18]

0 .y, 0 -1
Co=E<J§§§—3) E(g(x,y: 0)g(x, y:0)7)

dg(x,y:0)\"
xE(——aﬁ——) . (45)

The covariance can be estimated from the sample by
replacing the expectation values E (8g,- (x,y;0)/00 j) and
E(gi (x,y;0)g;(x,y; 0)) by their sample estimates, which
are given in Appendices B.1 and B.2, respectively.

For the case of classic sWeights, where the shapes of all
probability density functions are known, the above expres-
sion can be simplified further. The detailed calculation is
given in Appendix B. For the covariance of the parameters
of interest A it results in

C,=H 'HH T -HECETH™T with

32InP Xe; A
l] = Zws( ) i )

A0
_ 2 0 1InPs(xe; A) 9 1nPs(xe; A)
=Y wl(y)
oA oA

dws(ye) 91nPs(xe; A)
Ewij) = Z -
e aVl] akk
Z P ()’e)Pj (Ye) Pk (Ye)Pr(Ye)

(46)
e (Nsps(ye) + Nbpb(ye))4

/ J—
Cajpan =

Note that using only the first term in Eq. 46 (which cor-
responds to Eq. 18) would not generally be asymptotically
correct but instead conservative for the parameter variances,
as the matrix C’ is positive definite.

The same technique used for the calculation of Eq. 46
can also be used to determine the (co)variance of the sum

7 Here and in the following the superscript ~7 refers to the transposed
inverted matrix.

of sWeights in non-overlapping bins in the control variable
x, which is needed to perform yx? fits of binned sWeighted
data. The detailed calculation for the covariance of § (with
Si =D ¢ cbini Ws(ye) for bin i) is given in Appendix C and
results in

Cs=H — EC'E"T where
Hi/j = 8ij Z wz()’e)
eebini
Jw
Exij) = Z S(_yf)
eebink vl]

Z Pi(ye)P;j (ye)Pk(ye)Pz(ye)

(47)
e (Nsps(ye) + Nbpb(Ye))

/
Cijpan =

As is apparent, using only the first term in Eq. 47, i.e. using
>, cbini wf (ye) as estimate for the variance of the content of
bin i, is not generally asymptotically correct but conservative,
as C’ is positive definite. The second term in Eq. 47 also
induces correlations between bins which should be accounted
for in a binned x 2 fit.

3.2.1 sWeights and nuisance parameters

Additional nuisance parameters « present in the extended
maximum likelihood fit of the event yields (e.g. shape param-
eters of Pg or Pp) can be easily included in the formal-
ism used in the previous section. The estimating equations
@i (y; o, Ng, Np) for the parameters o need to be added to
the vector g defined in Eq. 41, resulting in a modified

¢s(y; a, Ns, Nyp)
@b (y; o, Ng, Np)
vi (y; OL Ns, Ny)

gx,y,:0) = Yes (35 V, s L, Ng, Np)
Ysb(ys Vsh a, Ng, Np)
Yib (y; Vbzl, o, Ns, Ny)
g,y a VL v vt e
Ze B?V; [hl(N Ps(yes o) + NoPp(Ye; @) — N§+Nh]
Y 7ar [INNGPs(ye; @) + NoPo (yes @) — %]
Yo 3 [INNPs (v @) + NpPo (e @) - At
Ps (Ve300 Ps(ves ) _ Q
= Z‘*[(NsPs(ye;oc)+Nb7’b(ye;a))2 v, ] ;
) [ Ps(Ve:0) Py (yes0t) _ vab]
€ (NS,PS(,VeZOC)"'Nbe(,Ve:“))2 Nl
) [ P (ye;0) P (ye:a) _ @]
€L (NsPs(ye;0)+NpPo (ye;0))? N

- —1 —1 9In P (xe;h
Ze ws()’ei szl’ VSb ’ Vhb ’a)%&)

(48)

{NS7Nb3a V ! Vsb )

where the vector of parametersis @’ = P

Vb;] , A}. The covariance matrix in the asymptotic limit is then
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Fig. 4 (Left) Pull means and (right) pull widths for the efficiency correction €(cos ) = 1.0 — 0.7 cos? 8, depending on total event yield Nio. The

markers are slightly horizontally staggered to improve readability

given by

dg'(x, y;0)\ ! o ,
Cy = E(}——ggﬁr——' x E(g'(x,y;0)g (x, y;8"7)

/ Y -T
xE(Eg%%%ﬁl> . (49)

The covariance can again be estimated from the sample
by replacing the expectation values E(dg;(x, y; 8')/96)
and E(g](x, y;8)g/;(x, y;0") by their sample estimates.
It should be noted that the nuisance parameters « in this case
will induce additional covariance terms beyond Eq. 46.8

8 For the binned case nuisance parameters & induce additional covari-
ance terms beyond Eq. 47 as well.
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4 Examples

4.1 Correcting for an acceptance effect with event weights
The first example discussed in this paper is the fit of an angu-
lar distribution to determine angular coefficients, using event
weights to correct for an acceptance effect. The probability

density function used to generate and fit the pseudoexperi-
ments is a simple second order polynomial in the angle cos 6:

P(cosb; cp, cr) = (1 + cocosf + g cos? 9) /N with

+1
N = / (1 + o cos @ + ¢ cos’ 9) dcos#
—1

=2+ 3c1. (50)
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Fig. 5 (Left) Pull means and (right) pull widths for the efficiency correction €(cos6) = 0.3 + 0.7 cos? @, depending on total event yield Nyo. The

markers are slightly horizontally staggered to improve readability

In the generation, the values cgen = 0 and c%en = 0 are
used. Events are generated using a cos 6-dependent efficiency
€(cos 6). Two efficiencies shapes are studied, given by

(a) €(cosf) = 1.0 — 0.7 cos? 6 and
(b) €(cos@) = 0.3 + 0.7 cos? 6.

For simplicity, no uncertainty is assumed on the description
of the acceptance effect by €(cos 0), otherwise the effect of
uncertainties on event weights would need to be included
as described in Sect. 3.1. Figure 1 shows the generated data
(including the acceptance effect) in black and the efficiency
corrected distributions, weighted by w, = 1/e(cos 6,) inred.

The parameters c( and ¢ are determined using a weighted
unbinned maximum likelihood fit, solving Eq. 3. The uncer-
tainties on the parameters co and c; are determined using

the approaches to determine parameter uncertainties that are
discussed in Sect. 2. The following methods are studied:

(a) The method of using the uncertainties determined accord-
ing to Eq. 4 without any correction, denoted as wFit in
this section.

(b) Scaling the weights according to Eq. 19. This approach
is referred to as scaled weights.

(c) Determining the covariance matrix using Eq. 20. This
method is referred to as squared correction in the fol-
lowing.

(d) Bootstrapping the data (using 1000 bootstraps) with
replacement, denoted as bootstrapping.

(e) The method to determine the covariance according to
Eq. 18 as discussed in Sect. 2.1, referred to as asymptotic
method.
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Fig. 6 Discriminating mass distribution for (black) the full data, (blue)
signal and (red) background

(f) A conventional fit (cFit) modelling the efficiency cor-
rection effect in the probability density function (and its
normalisation) instead of using event weights.

The performance of the methods is compared using pseu-
doexperiments, with each study consisting of 10000 toy
data samples. The same data samples are used for every
method. The distribution of the pull, defined as p;(co) =
(co,i — cgen) /oi(co) (and analogously for parameter cy), is
used to test the different methods for uncertainty estimation.
Here, the fitted value for parameter cg in pseudoexperiment
i is denoted as cp ;, the corresponding uncertainty is denoted
as 0j (co) and the generated value as c(‘%en. If the fit is unbiased
and the uncertainties are determined correctly, the pull distri-
bution is expected to be a Gaussian distribution with a mean
compatible with zero and a width compatible with one. Dif-
ferent event yields per data sample (N = 500, 1000, 2000,
5000, 10000, 20 000, 50 000) are studied to investigate the
influence of statistics.

The pull distributions for the parameters cp and ¢ for 2000
events are shown in Figs. 2 and 3. The pull means and widths
depending on statistics are given in Figs. 4 and 5. Numerical
values are given in Tables 2 and 3 in Appendix D. A few
remarks are in order.

The wFit method is unbiased but shows significant under-
coverage for cp and ¢ for both acceptance corrections tested.
The scaled weights approach shows significant undercov-
erage for both ¢y and c; for the acceptance (a) and over-
coverage for acceptance (b). In both cases, the coverage
remains incorrect even for high statistics. Both the use of
the wFit as well as the scaled weights methods are therefore
strongly disfavoured to determine the parameter uncertain-
ties in this example for a simple efficiency correction. The
squared method shows good behaviour for parameter c( but

@ Springer

Table 1 (Left) The parameters used in the generation of the pseudoex-
periments. Only Nyig, Nokg, and the background slope apkg are varied
in the mass fit. The background slope oy, is then fixed for the deter-
mination of the sWeights. (Right) the mean correlation matrix from the
mass fit when both the yields and o are allowed to float

(a) Parameters used in the generation
Value

Parameter

fsig = Nsig/(Nsig + kag) 0.5

Qlbkg 0.0
m(B) 5.367 GeV/c?
o (m) 23 MeV/c?
Mass range [5337,5567] MeV/c?
rsgizn 1.5ps
t range [0, 10] ps
(b) Mean correlation matrix
Nsig Nokg  Obkg
Niig 1.00 —-0.63 —-0.67
Nokg —0.63 1.00 0.67
Qlbkg —0.67 0.67 1.00

incorrect coverage for parameter c;. For parameter c; the
method shows overcoverage for acceptance (a) and very sig-
nificant undercoverage (more severe than even the wFit) for
acceptance (b). The reason for this behaviour is the different
expectation value of Eq. 26 with respect to the second deriva-
tives to cg and c1, as detailed in Appendix A. This illustrates
that the squared correction method, which is widely used in
particle physics, in general does not provide asymptotically
correct confidence intervals when using event weights to cor-
rect for acceptance effects. Bootstrapping the data sample or
using the asymptotic approach results in pull distributions
with correct coverage for both cp and ¢ and both acceptance
effects. No bias is observed for parameter cg and only a small
bias is found for c¢; at low statistics. This paper therefore
advocates for the use of the asymptotic method (or alterna-
tively bootstrapping) when using event weights to account
for acceptance corrections. The pull distributions for the cFit
also show, as expected, good behaviour. As there is no loss
of information for the cFit, it can result in better sensitivity,
as shown by the relative efficiencies given in Tables 2 and 3,
and its use should be strongly considered, where feasible.

4.2 Background subtraction using sWeights

As second specific example for the determination of confi-
dence intervals in the presence of event weights, the deter-
mination of the lifetime v of an exponential decay in the
presence of background is discussed. The sPlot method [3]
is used to statistically subtract the background component.
Asdiscriminating variable, the reconstructed mass is used. In
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Fig. 7 Decay time distributions for the four different background options for (black) the full data, (blue) signal and (red) background. The signal

and background components are obtained using sWeights

this example, the signal is distributed according to a Gaussian
in the reconstructed mass, and the background is described
by a single Exponential function with slope apkg. Figure 6
shows the mass distribution for signal and background com-
ponents. The parameters used in the generation of the pseu-
doexperiments are listed in Table la. The configuration is
purposefully chosen such that there is a significant corre-
lation between the yields and the slope of the background
exponential, to illustrate the effect of fixing nuisance param-
eters in the sPlot formalism, as discussed in Sect. 3.2. The
resulting mean correlation matrix for the mass fit is shown
in Table 1b. The simpler case, where no significant correla-
tion between apke and the event yields is present, due to a
different choice of mass range, is discussed in Appendix F.

The decay time distribution (the control variable) that is
used to determine the lifetime is a single Exponential for
the signal. For the background component, several differ-
ent shapes were tested: (a) A single Exponential with long
lifetime, (b) a Gaussian distribution, (c) a triangular distri-
bution, and (d) a flat distribution in the decay time. Figure 7
shows the decay time distribution for the different options.
The decay time distributions for signal and background com-
ponents shown are obtained using the sPlot formalism [3]
described in Sect. 3.2.

The parameter t is determined using a weighted unbinned
maximum likelihood fit solving the maximum likelihood
condition Eq. 3 numerically. Its uncertainty o () is deter-
mined using the different methods for weighted unbinned
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Fig. 8 Pull distributions from 10000 pseudoexperiments for the dif-
ferent approaches to the uncertainty estimation for a total yield of 2000
events in each pseudoexperiment. The different figures shown corre-
spond to the different background models as specified in Sect. 4

maximum likelihood fits discussed in Sect. 2. The following
approaches are studied:

(a) A weighted fit determining the uncertainties according
to Eq. 4 without any correction. This method is denoted
as sFit in the following.

(b) Scaling the weights according to Eq. 19. The approach
is denoted as scaled weights.

(c) Determining the covariance matrix using Eq. 20. This
method is referred to as squared correction.

(d) Bootstrapping the data (using 1000 bootstraps) with
replacement, without rederiving the sWeights (i.e. keep-
ing the original sWeights for each event). Denoted as
bootstrapping in the following.
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Fig. 9 Pull distributions from 10000 pseudoexperiments for the dif-
ferent approaches to the uncertainty estimation for a total yield of 2000
events in each pseudoexperiment. The different figures shown corre-
spond to the different background models as specified in Sect. 4

(e) Bootstrapping the data (again using 1000 bootstraps) and
rederiving the sWeights for every bootstrapped sample,
in the following denoted as full bootstrapping.

(f) The asymptotic method to determine the covariance
according to Eq. 46 as discussed in Sect. 3.2, but not
accounting for the impact of nuisance parameters in the
determination of the sWeights. This approach is referred
to as asymptotic method.

(g) The method to determine the covariance according to
Eq. 49, which includes the effect of nuisance parameters
in the sWeight determination. This method is denoted as
full asymptotic.

(h) A conventional fit (cFif) modelling both signal and
background components in two dimensions (mass and
decay time) for comparison. As the main point of using
sWeights is to remove the need to model the background
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Fig. 10 (Left) Pull means and (right) pull widths depending on total event yield Nio. The markers are slightly horizontally staggered to improve

readability

contribution in the fit, this method is given purely for
comparison.

The performance of the different methods is evaluated using
pseudoexperiments. Every study consists of 10000 data sam-
ples generated and then fit for an initial determination of the
sWeights. For every method, the same data samples are used.

The performance of the different methods is compared
using the distribution of the pull, defined as p;(t) = (t; —
r;";gn) /oi(t). Here, 1; is the central value determined by
the weighted maximum likelihood fit and o;(7) the uncer-
tainty determined by the above methods. The lifetime used
in the generation is denoted as rsgizn. To study the influence
of statistics, pseudoexperiments are performed for different
numbers of events. The total yields Nyt = Nsig + Npkg
generated correspond to 400, 1000, 2000, 4000, 10000 and

20000 events. The signal fraction used in the generation is
fsig = Nsig/(Nsig + kag) =0.5.

The pull distributions from 10000 pseudoexperiments,
each with a total yield of 2000 events, are shown in Figs. 8
and 9. The pull means and widths are shown in Figs. 10
and 11. Numerical values for the different configurations are
given in Tables 4 and 5 in Appendix E.

As expected, both the sFit as well as the approach using
scaled weights perform quite poorly, as they show large
undercoverage, both for low statistics as well as for high
statistics. Furthermore, they exhibit significant bias at low
statistics (which reduces at large statistics) due to a strong
correlation of the uncertainty with the parameter t. This
strongly disfavours the use of these methods for these
sWeighted examples. The squared correction method shows
better performance, nevertheless also exhibits significant bias
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Fig. 11 (Left) Pull means and (right) pull widths depending on total event yield Nio. The markers are slightly horizontally staggered to improve

readability

(which reduces for higher statistics) and undercoverage. It
should be stressed that significant undercoverage is still
present at large statistics. This shows that the squared correc-
tion method in general does not provide asymptotically cor-
rect confidence intervals. Both bootstrapping as well as the
asymptotic methods perform better for the examples studied
here. However, both methods show some remaining under-
coverage even at high statistics. It is instructive that boot-
strapping the data without redetermining the sWeights per-
forms identically to the asymptotic method without account-
ing for the uncertainty due to nuisance parameters. However,
when performing a full bootstrapping including rederiving
the sWeights for the bootstrapped samples or when using
the full asymptotic method the confidence intervals generally
cover correctly and no significant biases are observed. Only
at low statistics some slight overcoverage can be observed.

@ Springer

This paper therefore advocates the use of the full asymptotic
method, or alternatively, if computationally possible, the full
bootstrapping approach for the determination of uncertain-
ties in unbinned maximum likelihood fits using sWeights. If
nuisance parameters have no large impact on the sWeights,
the asymptotic method can also be appropriate, as shown in
Appendix F.

The conventional fit describing the background compo-
nent in the decay time explicitly instead of using sWeights
also shows good behaviour, as expected. When the back-
ground distribution is known, a conventional fit is gener-
ally advantageous as it has improved sensitivity due to the
additional available information. For this example, where the
background pollution and parameter correlations are large,
the parameter sensitivity is significantly improved when
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using the conventional (unweighted) fit, as shown by the rel-
ative efficiencies given in Tables 4 and 5.

5 Conclusions

This paper derives the asymptotically correct method to
determine parameter uncertainties in the presence of event
weights for acceptance corrections, which was previously
discussed in Ref. [4] but does not currently see widespread
use in high energy particle physics. The performance of this
approach is validated on pseudoexperiments and compared
with several commonly used methods. The asymptotically
correct approach performs well, while several of the com-
monly used methods are shown to not generally result in cor-
rect coverage, even for large statistics. In addition, the effect
of weight uncertainties for acceptance corrections is dis-
cussed. The paper furthermore derives asymptotically correct
expressions for parameter uncertainties in fits that use event
weights to statistically subtract background events using the
sPlot formalism [3]. The asymptotically correct expression
accounting for the presence of nuisance parameters in the
determination of sWeights is also given. On pseudoexper-
iments the asymptotically correct methods perform well,
whereas several commonly used methods show incorrect
coverage also for this application. Finally, the (co)variance
for the sum of sWeights in bins of the control variable is calcu-
lated, which is a prerequisite for binned x? fits of sWeighted
data. If statistics are sufficiently large this paper advocates
the use of the asymptotically correct expressions in weighted
unbinned maximum likelihood fits, in particular over the cur-
rent nominal method used in the ROOFIT [12] fitting frame-
work, which was proposed in Refs. [1,2], and is shown to
not generally result in asymptotically correct uncertainties.
If computationally feasible, the bootstrapping approach [13]
can be a useful alternative. A patch for ROOFIT to allow the
determination of the covariance matrix according to Eq. 18
has been provided by the author and is available starting from
RooT v6.20.
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Appendix A: Expectation value Eq. 26 for examples cor-
recting for acceptance effects

As mentioned in Sect. 2.2, Eq. 22 is not generally asymptot-
ically valid. To demonstrate this with an example, the expec-
tation value in Eq. 26 is explicitly calculated below for the
angular fitin Sect. 4.1. Using the probability density function

1+ cocosb + cj cos? 0

P(cosb; cp, c1) = 5 (51)
2+ 3c1
and the efficiency correction (b)
3 7
€(cosf) = — + — cos 6 (52)

10 10

we derive the expectation value in Eq. 26 according to (show-
ing the asymptotic behaviour for the double partial derivative
to ¢y is sufficient):

E 1 32P(cos b, co, 1)
€2(cos 0,)P(cos b,; co, 1) Bc%
+1 1 92P(cos B,:¢0.¢1) . 92 41 1 14c cos 8+ cos® 6
I cessopessiiaen % P(c0s 0e; co, c1)e(cos B)deost 55 I E +ie dcosd
+1 . . o+l 1 s6 s2 0 '
', €(cos B)P(cos be; co, c1)dcosd 15 (1% + % cos? ) %doos@

(53)
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Using computer algebra, these integrals can be easily eval-
uated analytically. For the denominator we obtain

tr3 7 1 0 2]
/ <—+—cos29> + cocosé + cj cos deosd

~1 \10 " 10 2+ 3c

36 ¢ +48 1

T 50¢;+3 30c¢;+3

c1=0 8

= —. 54
5 (54)

The expression for the numerator is slightly more compli-
cated, it results in

1+ cocosd + ¢j cos? 6

5 dcosf
2 + §C]

9? 1 20121, (21 20
=— |- tan — |a+—=a
dct \ 3e1 +2 49 3 7
20 (21
+——=tan —_—
V21 3
a=0 20, [(~21 140 (V21 20
——tan — |+ s—==5 tan — |- =
721 3 3.213/2 3 21
~ 0.146 (55)
‘We thus find
1 8273(005 6.; co, c1)
E ~ 0.274 # 0.
(62(008 0,)P(cos b,; cg, c1) aclz > 7
(56)

This shows clearly, that Eq. 22 is not generally asymptotically
correct. The result in Eq. 56 has been crosschecked using
the pseudoexperiments described in Sect. 4.1 and indeed
the additional term fluctuates around N x 0.2742 as derived
above.

For acceptance (a) we find similarly

B 1 32P(cos b,; co, 1)
€2(cos 6,)P(cos b,; co, c1) 86%

) ~ —0.135 £ 0,
(57)

which is also confirmed using the pseudoexperiments. The
fact that the expectation value is negative for acceptance (a)
and positive for acceptance (b) indicates that, as observed
using the pseudoexperiments, the squared correction method
overcovers for acceptance (a) and undercovers for accep-
tance (b).

It is instructive to note that for the double partial deriva-
tive to co, E (€ —2p-ly2 / 8c(2)73), we find an expectation value
of zero, as the integration of the numerator removes the cg
dependence in that case. This is the reason why the squared
correction method results in compatible results with the
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asymptotic method for cq, but shows incorrect coverage for
cr.

Appendix B: Covariance determination for unbinned
sWeighted fits

The asymptotic covariance for sWeighted unbinned maxi-
mum likelihood fits is given by Eq. 45 [6, 18] which is repro-
duced below for convenience.

dgx,y; )\ !
Co=E (“;Tﬁ)) x E(g(x, y:0)g(x. y: 0)")

] “numerator”
“denominator”

- (ag<x,y;0))‘T_
007

Here, the vector of estimating equations g is given by Eq. 41,
which is also repeated below

(58)

@s(y; Ns, Np)
©p(y; Ng, Np)
Vs (93 Vis L, Ns, Ny)
Ysn(y; Vo' Ns, Np)
Yin (3 Vyy's Ns, No)
g,y n VL v v

S

2. 3?\& [ln(NsPS(ye) + NpPo(ye)) — NS;Nb]

gx,y:0) =

Y. 73 INNGPo(3e) + NoPo(ye)) — Mgt ]
Z [ Ps(ye) Ps(ye) _ Vs;l]
¢ (NSPS(yE)+Nb7jb(yE))2 Nl
= Z [ Ps(e) Po (ve) _ Vs; ]
€L (NsPs(ye)+NoPo(ye))? NI
Z [ Po(e) Po(ye) _ ﬂ]
¢ (Nsps(ye)+Nbe(ye))2 N

— — —1, 91 oA
Ze wS(ye; Vssl’ Vsb]’ Vbbl) nfla))fjc :
(59)

The elements of the denominator® E(dg(x,y;0)/30")
given by

E <3g(x,y;0)>
207

0ps  dps Oy 095 0ps  Jgs

INs INo gyt oavy! gyt oAl
dpp  0pp  O¢p  d¢p  O@p  O¢p
INs Ny gyt oav, ! syt oAl
%Wﬁ %‘lfﬁ 31//ss| 31ﬁss1 t’hhml M_srs

5 b V! av,! av. !l o

=E | vy o ovw 0V v 90w (60)

INs 3Ny gyt vyl oavyt oAt
0Ypyp Vb OVbp OVbb OYpb Vb
INs Ny gyt oav, ! syt AT
08 0t 0k _0F _0&  0&
INs Ny avi! avyloav,t oAl

9 In the following, the arguments of the estimating functions ¢, ¥ and
& will be omitted for brevity.
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are determined in Appendix B.1 and the elements of the (sym-
metric) numerator

E(g(x,y:0)g(x, y;0)")

OsPs  PsPb PsVss  OsUsp  OsPbb (PSET
0P oPo ObVss OoVsh PoUby ObE"
Yss@s Yss@b VssWss VssWshb VssWbb wsng
VsbPs VsbPb YsvWss VsbWsb YsbWob stsT
Vbbs obPs Vb Wss Voo Wsb WobWob Vobk"
Sos Eop &V EVw  EYp  E§ g

(61)

are determined in Appendix B.2. For both numerator and
denominator the sample estimates are derived first and their
expectation values are given afterwards. The resulting covari-
ance is derived in Appendix B.3.

B.1 Determination of the denominator

We first determine the expectations E(dg /00 T, the denomi-
nator in Eq. 58, which would be corresponding to the Hessian
matrix if we were doing purely maximum likelihood estima-
tion. We find for the two ¢ components

N\ KB Pi(ye)
E(BN./ ")‘) B E(Z IN; NsPs(ye) + Nbe(ye))

_ E(— Pi(ye)Pj(ye) )
(NsPs(ye) + NoPo(3e))’

_/ Pi(yP;i(y) dy= Ay (62)
NsPs(y) + NpPo(y)
d
E i1 =0 63
(avk, T ) ©
0
E(K(p,) =0, (64)

for the ¥ components

1

0 0 Pi ()P (ye) v ]
E 7%") = E( 7[ _ )
<3Nk J g d Ny, (NSpS(ye)+Nbpb(yg))2 N
_ (_2 P (7e)P; (3e) Pi (ve) )
( )

NePy(ve) + NoPo(ve))’
_ _2/ Piy)Pi(3)Pr(y)
(Nsps(y) + Nbpb(y))

2dy = B(ij» (65)

1

< " ) _ ( il Z|: pi(Ye)Pj(ye) _L])
vy ! W' 4 (Nsps(ye)+Nbe(Ye))2 N
= =) (66)
P
E(TMW) —o, (67)

and finally for the & components

d

E(mfl) =0 (63)
0

E<8V_1€l> = E( Zws(ye) 1n7)s(xea )v))

_ _/ Vi Ps(0)Po(3) = Vg, Pa(y)
(g = VP + (VS = VP )

X Po(y)dy x i
= E; = ke (69)

<3VY; El) ( _1 ; ws(ye ln Ps(xe; X))

. / ; _l,blps?(y) - m_lpb (y)_
(V' = Vi DPs) + (Vs ' = V!

x Pp(y)dy x ki
= Ep =«kjep (70)

S e 173S E’A'
(avbblsz) ( Zw(y) n Py (x >)
]Ps(y)Pb(y)

_ +/ _Vsblpsz(y) + Vg
((Vig! = VHPsO) + (Vs = Vi HPo)®
x Po(y)dy x kg
= E;3 = kje3 (71)

82 1n Py (xe; A)
<8_M§k) (Z s )
Vbzllps(y) -

_/ Vsb Pb()’)
) = VP + (VST = VP
92 1In Ps(x; )
OAj 0L
x (NsPs(x; MPs(y) + NoPp(x)Pp(y))dxdy
8% In Py (x; x)d
OAjOAk

)Po(y)’

= /NSPS()C; A) x = Hyy, (72)

where k; = f Ny 7;? ‘(’)Ex))h) %dx was defined in Eq. 44. In

summary, the matrix in the denominator is

A0 0
5 .0
E<+g(x’—f’))= B-10|. (73)
99 0 EH

As areminder, the matrix A is the 2 x 2 matrix for the signal
and background yields defined by Eq. 62, the matrix B is a
3 x 2 matrix defined by Eq. 65, E is the dim(X) x 3 matrix
defined by Eqgs. 69-71, and H the dim(X) x dim(A) matrix
given by Eq. 72. The upper right corner of Eq. 73 is filled
with zero matrices, as the estimation of the yields does not
depend on the parameters Vl.;.l, and the estimators for the
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J and the yields do not depend on A. This simplifies the

inversion of the matrix in Eq. 73, which results in
_ A~ 0 0
0 ,y:0 !
E(+g<x7g>> I R
30 _H'EBA-'H'E H!
(74)

This matrix can be further simplified, as

(B11Ein + Bi2Epp + B Ep3)

[Py [ Y PR VSR
=) p? )2 !
N prbdy/ Vy, PPy — V' P}
(...)? (...)?

v std / —VY;‘PSPHV;‘PSP&
(. )2

X K]

N, N,
X Kj expanding ‘/z -1 / zpj sPs + bpb
() NPy + NoPy

(st< /( >2dy>
f(gpb )X”

< 7727713 'Pz'Pb /
X dy
(..)? (.

2
o e +Nb/<”"’d>
P2 PZPb
X d S'bg )x
( (. )2 - /( .2 “
ZPb
+ N/ : d +N/ )
( oo .
2
X(ngPbd gpgd PPb / )XKZ
2 (..
(75)
and
(B12En1 + BnEp + By Ep)
pgpbd —Vi PP+ VR Py
(. (.2 !
V) P2Py — Vi ' P}
/(gpbd / . 7’5?‘)2 =
Pb Ly [ Ve PPt VPR
= 2 o

7)3
s bd N/ b d)
( /( TR
( PZPb / st P27>b / st )
X K]
(. (.
2
+< 7373"d +N/(*P"d>
( 7’27% /Pb dy PZPb / >></<
1
( (- (.
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(/(SdHV/(%)
([(Sb /( >2y_/(spb /(

We therefore find E B = 0 and the inverse of Eq. 73 is given
by

)x;q

(76)

1 A7t 00
E(+28% 0N pit a7
207 - |

0 H'EH!

B.2 Determination of numerator

We now have to determine the elements of the numerator
E(g(x,y;0)g(x, y;0)") in Eq. 58. For completeness we
determine all sub-matrices, but it will be shown that we only
need the components E(l/fijlﬂkz) = C(u)(kl), (I/fijSI) =

l( if) and E (Ek El) H, ,2 ; to determine the covariance for the
parameters of interest A. We find

L Pi(ve) !
E(pivj) = E(;[Nsps(ye) + NoPo(ye) N]

[ Pi(ys) 1 ])
—[ NP+ NoPolyy) N

Pi(Ye)Pj(Ye) + Z Pi(ye) Pj(yf)
oy NiPs + Ny Py NyPs + Ny Py

B Pi (ve) Pi(ys) >
;NSPS"'Nbe Z]Vs/Ps‘F]vb,Pb 1
_ E( Pi (ye)P] (Ve) )
e (NSPS(yL’) + Nbpb()’e))z

_ / Pi(»)P;i(y)
NyPs(y) + NoPo(y)

N Pk(ye) _ l
E(piij) = E(;[NsPs(ye) + NpPo(ye) N]

[ PONPIG) Vf])
(NPa(y) + MoPoyp))> N
_ E< Pi (Ye)pj()}e)Pk(Ye) )

( )

- 5(%

e (Nsps + ]Vblpb)2

dy = A}, (78)

NyPs(ve) + NoPo(3e))’
(Nsps(y) + Nbpb(y))

Pi()’e)Pj(Ye) _ ‘/lj_ ]
NPsGe) + NoPo(re))” N

E(Yijvu) = E(;[(

5 [ Pe P ) vy D
7 L(NPs(yp) + Nb7’b(yf))2 N
—E (Z Pi (ye)Pj Ve)Pr(ye) Py ()ﬁ))
e (NSPS(Ye) + Nbpb(ye))
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Z/Pi(Y)Pj()’)Pk(y)P,(y) o
(NPL() + NoPo(3))’ (G

and

- Pi(ye) !
E(pikr) = E(Z[Nsps(ye) + NoPo(Ye) N]

x ng(yf) 1n73q(xf x))

(80)

= (Z Prlye) s()’e) ln Ps(xe; X))

NsPs(¥e) + NoPo(Ye)

Pr(ye)
/ NyPs(ye) + NoPo(ye)
5 Vip Ps(») = Vi ' Po ()
V' = Vi DPs) + (Vs = Vi, HYPo(y)
= Dy = xydy

—1

Pi(e)P'(e) Vz
o e %

NsPs(Ye) + NoPo (ye))

x Zws@f) SIn Py x))

_ ( Pi(ye)Pj(ve)
(NsPs(ye) + Nbe(ye))
_ / Pi(y)P;(y)
(NePs) + NoPo (1))’
5 Vip Ps(») = V3 ' Po ()
(Vip' = Vi DPs) + (Vs = Vi, Py (y)

= Ejj) = r€))

Ekgl (Z Ws (yc ll‘l Ps(xe; X)

x Zws@f) SIn Py x))

0 1InPg(x.; A) 01nPg(xe; A)
_ 2 s(Xe
= E(Z wg () —55- 7 )

5 0InPs(x;X) 91lnPs(x; L)
- / W= o
k l

X (NsPs(x)Ps(y) + NoPo(x)Po(y))dxdy

=N, / w2 () Ps(y)dy / InP ) AP g,

OAk dA;
01InPs(x; A) 01nPg(x; )

+M/ﬁwﬁw®/

_ /
= Hj,.

oAk oA

The matrix in the numerator is therefore given by
A’ B/T D/T
E(gx,y;0)gx, y:0)7)=| B ¢ ET
D E H

with the matrix elements defined in Eqs. 78-83.

Po(y)dy x ki

81)

g(ye) ln Ps(xe; l))

Po(y)dy x ki

(82)

Py (x)dx
(83)

(84)

B.3 Resulting covariance

The full covariance matrix is then given by the following
matrix multiplication

0 , v, 0 -1
E (M) x E(g(x. y:0)g(x. y: )7

067
9 )\ T
XE( g(x,y,0)>
007
Afl 0 0 A/ B/T D/T
=|BA"! -1 o x| B ¢ ET
0 H'EH! D E H
AT A TBT
x 0 -1 ETHT|. (85)

0 0 HT

We are interested in the bottom right elements for the covari-
ance matrix for the parameters of interest A. The matrix mul-
tiplication yields

C,=(H'EC'+H 'ENE"H T
+(H'EET +H'HYH T
=H '[ECE" + E'E" + EE" + H'|H "
=H 'HH "+H '[ECE"+E'E"+EE"|H™"
=H '"HH "+H '[EC'ET+2EE"|H™" because

E ET ZEUE"J Ze K€ jKE = KKk Ze e

=Zejl<,-ej/<k ZE,JEkj EE/T)ik. (86)
j

The additional covariance beyond the first term can be further
simplified. To this end we use our definitions

PR T S
(detv=1)2\ L (NP + Nuy)?

_ P3
R —
(NSPS + Nbe)
— ki
(det v-1)?
Vi (NyChs + NpC3y))

(—V, (NsCl3 + NpCp3)

2
EIFLZ(VMJ]/LZCU
(det v-1) (NsPs + NpPy)

fp3
- VY;1/ L 2dy>
(NSPS + Nbe)

(det V—l)2
— V5 (NCh3 + NopC33))

(V) (NCls + NoCi3)
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2
Ej3 = . 5 <—VS;1 / &zdy
(det v-1) (NsPs + NoPb)
PsP2
4y / %dﬂ
(NsPs + NoPp)
=~V (NChy + NoCiy)
(det V—l) ’
+ Vi (NsCls + NoChs)) (87)
and
Ki -1 -1
E, = W(Vbb Clh—Vy Ci3)
ki —1 -1
1/2 = det V-1 (Vbh Ci3 Vo C§3)
Ki -1 -1
Ejy = W(Vbb Ch3 — Vy, Ci3) (88)

and furthermore replace the VJI to only retain dependencies
on C! ; and the yields

- / P (NP + NoPo)’ :
§8 NPs + NPy (NPs + NpPp)?
= N2C}, 4+ 2NsNoC}y + N2Cis
V! = N2C}, + 2NNy Cl5 + NEChs
V! = N2Cl5 + 2NNy Chy + N2Cls. (89)

We can then calculate (easiest to verify using computer alge-
bra)

(EC'E" + EE™),,
=D EiCjiEu+ ) EijEj
Jil J
= |~(ciiciscss - chess - cinch +2ciciscys - )

x N2 (C1uNZ +3C[3NoNZ +3C3NENs + CiNy — 1)

—0 = — [ NsPs+Ny 7 b)3
=0, as 1=/ Ppdy= Pod
as 1=/ Pydy=/ (Ns Ps+ Ny Pp)3 bdy

x (CH1ClaNE — CBNZ +2C1, CyNoN? = 2C1,C MG
+ C i3 Ny NS +2C1,Ch Ny N
—3C3NG NS +2C1,Ci3 Ny Ny — 2C13C53 Ny N

KiKk

+C3C5 Ny — C%Nf:) X ———7 =0 (90)
(detv-T)

Equation 86 therefore simplifies to
C,=H'HH T+H'EE"HT

=H 'HH T -H 'EC'ETHT. 91)
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The additional variance for the parameters of interest is there-
fore < 0, as the matrix C’ (and also EC’ET) is positive def-
inite. Using only the first term of Eq. 91 (the naive sandwich
estimate) is therefore conservative for sWeights, but can over-
estimate the variances. To guarantee asymptotically correct
coverage, Eq. 91 should be used.

Appendix C: Covariance determination for binned
sWeighted quantities

To determine the variance for the sum of sWeights in a bin
i in the control variable,!? > ecbini Ws(Ye), we use the same
technique of systematic error propagation as detailed above
in Appendix B. We have as estimating equations

@i (y; Ns, Np)
d Ns + Ny
=2 o [m(NsPs(ye) + NoPo(ye)) — Tb}
¥ Py (ye) 1 } )
_Nsps(ye) + NpPo(ye) N

¥ij(y; Vi; s Ns, No)
1

[ Pi e P; e Vi_'
-y (¥)Pj(ye) . ,} ©93)
e L (Nsps(ye) + Nbe(ye)) N
Si(xv y5 Vs;la VSZI’ Vbzl’ Sl)
_ s,
. L
= [ D wies VgLV Vbb‘q - 94)

eebini

where S; denotes the expected signal yield in bin i. We now
want to determine the variance for the expected signal yield
in bin i, and, in addition, its covariance with a different, non-
overlapping bin j with expected signal yield S;.

C.1 Determination of the denominator

The elements of the denominator E(dg /907 ) are calculated
in full analogy to the unbinned case. We have

0 P (ye)Pj(Ye)
) |
IN; Z (NSPS(yE) + Nblpb(}’e))2

()P ()
/ NP + NoPo() 2 = A )

d
El —¢i | =0 (96)
(av,;lw’>

10 Reference [3] gives this variance as Y, pin; W2 (¥e) in Eq. 22.
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0
E<a_5j¢,-> o, 97)

for the ¢ components. For the ¥ components we find

el Pi(ye)Pj(ye)Pr(ve)
)l |
N Z (NsPs(ye) + NoPo(3e))’

P (»)P; ()P,
_ 5 / WP Pr(y) _dy = By
(NPs(y) + NoPo(y))
(98)
— Vi ) = —3(ij) (ki) 99)
%nﬂ’ !
E(B—Skl/,,.j) - (100)
and finally, using the shorthand
P (y) By
B =/ > dy(=——~
(NPs() + NoPo(»))’ (=-3)
=/ P2()Po(y) 2dy(: _@)
(NsPs(y) + NoPo()) 2
Ps(y)P? B
3=f s(MPy (v) 2dy<: _%)
(Neps(Y) + Nbpb(Y))
3
,34:/ P () 2dy<= _@) (101)
(NsPs(y) + NoPo()) 2
we find
E(ai )::o (102)

£(54)

=E<Z ~ Vi Ps(e)Po(ye) + Vi Py (ve) J
ek (V! = Vo DPve) + (Vs = Vi, P (ve)

// Vi Ps0)Po () + Vi ' PE(y)
bink

(det V- (NsPs(y) + NoPo (1))’
[Mﬂwmm+M%m%ummx

|: f Ps(x)dx
det V-

5 / Vi Pz(y)?%(y) + Vo PP
(NSPs(y) + NoPo(1))°

—Vi ' Ps PR + V' P (y) y]
(NsP(y) + NoPo (1))’

1
= (dtVl)z[NS / 'Ps(x)dx(—Vbzl,Bz + Vszlﬂ3)
e

+ Ny Py (x)dx [
bin k

+ Ny / Po(x)dx (V' B3 + V! m)]

_B 5l NsNb< P(x)dx - %(x)dx)
(detV N bink bink
=6k =€k
= E1 = (& — exer, (103)
( +V P2(ve) — Vis P2 (ve) )
et (V! = Vi DP0o) + (Vs = Vo))
7[NS Ps(x)dx
(det V-1 ) bink
5 / Vi P3(y) — Vi P PE ™,
(NsPs(y) + NoPo (1))’
—1 2 -1
+ Np Pb(x)dx/ b PeIPo) = Vs Pb(y) }
bink (NPL(y) + NoPo())
(detv[ /Ps(x)dx Vb_blﬂl 3s1ﬁ3)
+ Nb/’Pb(x)dx(Vb_b B — Vglﬁzx)]
_ MMM,/ (Pax) — Po(x))dx
(det V=) bink
= Epp = (6k — €x)en, (104)

and

—V'P2(ye) + Vi ' Pore) Po(ye) )
VP ()

:(Z

e (Vi =V hPse) + (Vi —

[ / Ps(x)dx
det V-

X / Abl,P:i(y)—’_Vssllpz(y),l)b(y)
(que(y) + Nbpb(y))

—1p2 1
+ Mp Pb(x)dx/ Vo, P20 Po(y) + Vi ' PPE (y) :|
bink (NsPs(y) + Nbe(y))
— 1 _ 4 >
= W[NS/PS(X)dX( Vsb B1 +st ﬁZ)

+ Ny f Po(x)dx(—V,,' B2 + V;‘ﬁs)]

_ B 5”3‘2 NsNb/ (Py(x) = Po(x))dx
(det v-1) bink
= Ez = (6 — €x)es, (105)
and finally
E ! &) =-3 (106)
oS 1) = —0u.
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The denominator matrix is then given by

A0 0
0 ,y:0
E(g(x—;]))z B-10 (107)
90 0 E —1
with the inverse
_ Al 0 0
d ,y: 0 !
E(iz(x_;)) | Ba' -1 0
30 YEBA™' —E -1
A=l 0 o0
=|BA!' -1 0 (108)
0 —-E-1

for which we again needed to show EB = 0, i.e.

B11Ek1 + BioEa + B Egs
= —2(B1(B3 — B2B4) + B2(B1Bs — BaB3) + B3 (B3 — B1B3))

NN s e
(detv-1y?
= —2(B183 — B1B2B4s + B1B2Bs — B3B3 + B3B3 — B1B3)
NNy

Xm(&k—Ek):o and
etV —

B2 Epy + By Eyy + B3 Eys
= —2(B2(B3 — B2Ba) + B3(B1Bs — BaB3) + Ba(B3 — B1B3))

(109)

NNy
X W(Sk — €k)
= —2(B2B3 — B3Bs + P1B3Ps — B2B3 + B3 Bs — B1B3Ba)
NsNb
— (8 — ) =0. 110
ey (1o

C.2 Determination of the numerator

The elements of the numerator E ( g(x,y;0)gx,y; 0)T) are

given by
P (ye)Pj (Ve) )
E(pivj) = E<
( l) Xe: (Nsps()’e) + Nb¢b()’e))2

LT
NsPs(y) + NoPo(y) /

Pi(Ye)Pj(ye)Pk(ye) )
E(oxij) = E<
(i) Z (NPe(ye) + NoPo(ye))’
_ / Pi(WMP; () Pr(y)
(NePo(y) + NoPo(y))°

(111)

y = Biijy
(112)

Pi(ye)Pj(ye) Pi(Ye) Pi(ye) )
E(Vijyu) = E
(wjl/jkl) <; (Nsps()’e) + Nbe(ye))4
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pri(y)Pj()’)Pk()’)P[(y)
(Nsps()’) + Nbe(y))3

dy = Ciijyu-

(113)

For the combinations including the terms & we find

S
E(&é&) = E(Z[Q(xe € bink)ws(ye) — ﬁk]

e

x Z[e(xf € binHwy(ys) — %D
I

k=t E(Z 6(e € bink)yw?(y.)

+ Z f(e € bink)O(f € binl)ws(ye)ws(yy)
et f
— S Y _0(f ebinDws(ys) — 5 Y 0(e € bink)ws(y,)
f e

+ SkSz)

= E< > wsz(ye)>

ecbink
=N [ Ps(x)dx [ w2 (Y)Ps(y)dy
bink
Sk

+ Ny %mmfﬁm%mw

bink
€k

= H, (114)

E(&&) "2 5eS1—8) 0(e € binkyws(ye)

e

— Sk Y_0(f €binDwi(ys) + SiSi
-
=0, (115)

and furthermore

S
E (i) = E(Z[e)(xe € bink)wq(ye) - ﬁ"]

e

PipPiO) V,‘D

= [(NsPs(yf> +MPoyp) N
Pi (Ye)Pj (Ye)
(NPs(ve) + NoPo ()’

3 0, € binkywy(ye) — 2PN
e#f (Nsps(y_f) + Nbe(yf))

—1
+SkVij

= D8 € binkywi(ye)V;;' = St
e

= E(Z O(x, € bink)ws(ye)

X

Pi (ye)Pj (Ye) )
= (NsPs(ye) + NoPo(30))
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= E( Z ws(Ye)

ecbink

Pi(ye)Pj(ye) )
(NsPs(ve) + NoPo(3))

i P S
/ws(y)( Pi0P;(y)Ps(y)

= Ng Ps(x)dx 5
NsPs(y) + Nbe(y))

bin k

Pi(»)P; () Po(y)
(NePs(y) + NoPo(1))°
D . P2
— ngk( b?;l / %dy
detV (NSPS + Nb'Pb)
-1 Pipjpspb

g [ PP )
L (NP + NP
M _ PP PP
NSy . LN
det vV (Nsps + Nbpb)

_ PiP; P}
_VsbI/ Py 3dy),
(NSPS + Nbpb)

= Ej;). (116)

+ Ny
bink

ﬂmw/%w

ie.

N,
E(&ys) = 5k (Vy' Cl = V' Ch)

NdetV-1
Nb V—IC/ V_l , —E/
+ Ve (Ve Ciz = Vi, Cia) = Eig
Ng . B
E(‘ék%b) = mak(vbb CiZ _ Vsb 13)
No » y
a1 (Vi Cls = Vi C33) = E
Ng . B
No » -
Tk (Vi Gy = Vi, €53) = Eis
and finally

S
E(&i) = E(Z[em € bink)ws (ve) — ﬁ"]

Pi(yr)

-1
x [(Z NP ) + Nbe(yf>) }

f
. Pi(ye)
=F 0(x, € bink
(Z (xe € PN K) 5 ) + NoPo(ro)
Pi(yr)
NPs(p) + NoPo(yy)

+ ) 6(x, €bink)
oy

— 6 € binkywy(ye)

Pi(yr) )
) : + S
"Zf NP+ NoPoCyp) - F

_ . Pi(ye)
N E(LZG(“ PN NP 0 + Nbe(ye))

Pi
= /0()6 € bink)ws(y) NP:(y) _:y]z]be(y)

x [NsPs(x)Ps(y) + NoPp(x)Pp(y)]dxdy

dy,

Pi(»)Ps(y)
:Ns Ps d / s
bin k (odx w(y)Nsps(y)-i-Nbe(y)
Pi(»)Po(y)
+N Py (x)d / X
® Join bCodx Ju (y)NsPs(y)+Nb77b(y)
= Dy;. (117)
As before, the matrix in the numerator is given by
A’ B/T D/T
E(g(x,y;0)g(x,y;0)") = B C' E” (118)
D E H
C.3 Resulting covariance
The full covariance matrix is given by the product
agx. y:0)\ !
E (aa—T x E(g(x,y:0)g(x,y:0)")
d 0)\ T
y E( g(x,y,0)>
307
A7 0 0 A" BT DT
=|BA™" -1 0 |x|B C ET
0 —-E-1 D E' H
AT ATTBT 0
x| 0 -1 -—ET (119)
0 0 -1

The covariance matrix for the parameters of interest, in this
instance the sWeighted bin contents, is given by

Cs=ECE" +EE" +EE" +H

=H — EC'E". (120)

Equation 120 is shown by first realising

(E'E")y =D EijEji = Ge =€) ) Ejje;
j j

= (& — o) (E} e1 + Elyer + Ele3)

= —NINZ (8 — €) (8 — &)
x (C}1C13C53—CCh3—C1 CH+2C1Cl3Cp—Ch)
x (CoN3 +3C{5N2Ny + 3Ch3NNE + Ci3Ng)

=1

x (detv—1)7

= @i —ei) ) eyej =) eijey = (EET),  (121)
j

J

and

(EC'ET), = EijCLE} =i —e)& —e) Yy ejChel
Jd Jl
A2 ar2
= NgN§5(8i — €) (8, — €x)
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x (C}1C13C3 — C13CY

— C}1C5 +2C1,Cl3Ch5 — C3)
x (det vy~

T

=—(E'E"),. (122)
The first term in Eq. 120 can be estimated by » i« wf (ye)
from the sample. As the matrix C’ is positive definite, using
only the first term can overestimate the variances and is there-

Table 2 Means and widths of the pull distribution for the different
approaches to the uncertainty estimation for the efficiency correction
€(cosf) = 1.0 — 0.7 cos? 6, depending on the number of events. In

fore conservative. To guarantee asymptotically correct cov-
erage for a x? fit the full expression in Eq. 120 should be
used, which also accounts for correlations between bins.

Appendix D: Results from pseudoexperiments correcting
acceptance effects

addition, the relative efficiencies (i.e. the ratios of variances) of the cFit
estimator and the weighted estimator defined by Eq. 3 are given

Method Pull 500 1k 2k 5k 10k 20k 50k
(a) Parameter c
wFit Mean —0.01 £0.01 0.01 £0.01 0.01 £0.01 —-0.01£0.01 0.01 £0.01 0.02 £0.01 0.01 £0.01
Width 1.38 £ 0.01 1.40 £ 0.01 1.40 £ 0.01 1.37 £0.01 1.38 £ 0.01 1.38 £0.01 1.37 £0.01
Scaled weights Mean —0.00 £ 0.01 0.01 £0.01 0.01 £0.01 —-0.01£0.01 0.01 £0.01 0.01 £0.01 0.01 £0.01
Width 1.15+£0.01 1.16 £ 0.01 1.17 £ 0.01 1.14 £ 0.01 1.15+£0.01 1.15+£0.01 1.14 £ 0.01
Squared correction Mean —0.00 +0.01 0.01 £0.01 0.0l £0.01 —-0.01+0.01 0.01 £0.01 0.01 £0.01 0.00 £ 0.01
Width 0.99 +£0.01 1.01 £0.01 1.01 £0.01 0.99 +0.01 1.00 £ 0.01 1.00 = 0.01 0.99 +0.01
Bootstrapping Mean —0.00 +0.01 0.01 £0.01 0.0l £0.01 —-0.01+0.01 0.01 £0.01 0.01 £0.01 0.00 £ 0.01
Width 0.97 £0.01 1.00 £ 0.01 1.01 £ 0.01 0.99 +0.01 1.00 £ 0.01 1.00 = 0.01 0.99 +0.01
Asymptotic Mean —0.00 +0.01 0.01 £0.01 0.01 £0.01 —-0.01=+0.01 0.01 £0.01 0.01 £0.01 0.00 £0.01
Width 1.00 £ 0.01 1.01 £0.01 1.01 £0.01 0.99 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £0.01
cFit Mean 0.00 £ 0.01 0.01 £0.01 0.01 £0.01 —0.00=+0.01 0.01 £0.01 0.01 £0.01 0.00 £ 0.01
Width 1.00 £ 0.01 1.01 £0.01 1.01 £0.01 0.99 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £0.01
Rel. efficiency cFit/weighted 0.90+0.02 0914+0.02 0.90+£0.02 0.90+0.02 090+£0.02 0.90+0.02 0.90+0.02
(b) Parameter cy
wFit Mean —0.17+0.01 —-0.11£0.01 —-0.07+0.01 —-0.06+0.01 —0.05£0.01 —-0.02+0.01 —0.03£0.01
Width 1.39 £ 0.01 1.40 £0.01 1.39 £ 0.01 1.38 £ 0.01 1.38 £ 0.01 1.38 £ 0.01 1.39 £ 0.01
Scaled weights Mean —0.15+0.01 —-0.10£+0.01 —0.06+0.01 —0.05+0.01 —0.04+£0.01 —-0.02+0.01 —0.02+£0.01
Width 1.16 £ 0.01 1.17 £ 0.01 1.16 £0.01 31.15+£0.01 1.15+£0.01 1.15+0.01 1.16 £ 0.01
Squared correction Mean —0.10+0.01 —-0.07£0.01 —-0.04+0.01 —-0.04+0.01 —0.03+£0.01 —-0.014+0.01 —0.02+£0.01
Width 0.79 £ 0.01 0.80 £ 0.01 0.79 £ 0.01 0.79 £ 0.01 0.79 £ 0.01 0.79 £ 0.01 0.79 £ 0.01
Bootstrapping Mean —0.13+0.01 —-0.07£0.01 —0.04+0.01 —-0.04+0.01 —0.03+£0.01 -0.01+0.01 —0.02+£0.01
Width 1.01 £0.01 0.99 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 1.01 £ 0.01
Asymptotic Mean —0.11+0.01 —-0.07£0.01 —-0.05+0.01 —-0.04+0.01 —0.03+£0.01 -0.01+0.01 —0.02+£0.01
Width 1.00 + 0.01 1.01 £0.01 1.00 £+ 0.01 1.00 £ 0.01 1.00 £+ 0.01 1.00 £ 0.01 1.00 £ 0.01
cFit Mean —0.08 £0.01 —-0.05£0.01 —-0.03+0.01 —-0.03+0.01 —0.02+£0.01 —-0.014+0.01 —0.02+£0.01
Width 1.00 £+ 0.01 1.01 £0.01 1.00 £+ 0.01 1.00 £ 0.01 1.00 £+ 0.01 1.00 £0.01 1.00 £ 0.01
Rel. efficiency cFit/weighted 091+£0.02 0924+£0.02 0.90+£0.02 091+0.02 091£0.02 090+0.02 0.90=+0.02
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Table 3 Means and widths of the pull distribution for the different addition, the relative efficiencies (i.e. the ratios of variances) of the cFit
approaches to the uncertainty estimation for the efficiency correction estimator and the weighted estimator defined by Eq. 3 are given

€(cosf) = 0.3 + 0.7 cos? 6, depending on the number of events. In

Method Pull 500 1k 2k 5k 10k 20k 50k
(a) Parameter c
wFit Mean 0.01 £0.01 0.00 £0.01 —-0.00+0.01 —-0.01=+0.01 0.01 £0.01 —-0.01£0.01 —0.00=+0.01
Width 1.22 +£0.01 1.22 +£0.01 1.23 £0.01 1.24 £ 0.01 1.24 +£0.01 1.22 +0.01 1.21 £0.01
Scaled weights Mean 0.00 £ 0.01 0.00+0.01 —0.00=+0.01 —0.00=+0.01 0.00£0.01 —-0.01£0.01 —-0.00=+0.01
Width 0.83 £0.01 0.83 £0.01 0.83 £0.01 0.84 +0.01 0.84 £0.01 0.83 £0.01 0.82 £0.01
Squared correction Mean 0.01 £0.01 0.00 £0.01 —0.00+0.01 —0.00=+0.01 0.00 £0.01 —-0.01 £0.01 —0.0040.01
Width 1.01 £0.01 1.00 £ 0.01 1.00 = 0.01 1.01 £0.01 1.01 £0.01 1.00 = 0.01 0.99 +0.01
Bootstrapping Mean 0.01 £0.01 0.00 £0.01 —-0.00+0.01 —0.00=+0.01 0.00 £0.01 —-0.01£0.01 —-0.0040.01
Width 0.97 £0.01 0.99 +0.01 1.00 £ 0.01 1.01 £ 0.01 1.01 £0.01 1.00 = 0.01 0.99 +0.01
Asymptotic Mean 0.01 £0.01 0.00 £0.01 —-0.00+0.01 —0.00=+0.01 0.00 £0.01 —-0.01 £0.01 —-0.0040.01
Width 0.99 £ 0.01 0.99 £0.01 1.00 £ 0.01 1.01 £0.01 1.01 £0.01 1.00 £ 0.01 0.99 £0.01
cFit Mean 0.01 £0.01 0.00 £0.01 —-0.00+0.01 —-0.0140.01 0.0l £0.01 —-0.01 £0.01 —-0.0140.01
Width 0.99 £ 0.01 0.99 £0.01 1.00 £ 0.01 1.01 £0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £0.01
Rel. efficiency cFit/weighted 091+£0.02 092+£0.02 0.92+0.02 0.92+0.02 0.92+0.02 0.92+0.02 0.92+0.02
(b) Parameter cy
wFit Mean —0.06 £0.01 —0.03+£0.01 —0.01£0.01 —-0.01=£0.01 0.00 £0.01 —-0.02+0.01 —-0.0040.01
Width 1.37 £ 0.01 1.36 £ 0.01 1.37 £ 0.01 1.40 £ 0.01 1.38 £ 0.01 1.37 £ 0.01 1.37 £0.01
Scaled weights Mean —0.04 £0.01 —-0.02+0.01 —0.00+0.01 —0.01=+£0.01 0.01 £0.01 —-0.01 £0.01 —0.0040.01
Width 0.93 £0.01 0.93 £0.01 0.93 £0.01 0.95+0.01 0.94 £0.01 0.93 £0.01 0.93 £0.01
Squared correction Mean 0.53+£0.04 0.29+£0.03 0.21 £0.03 0.12+0.03 0.11£0.03 0.04 £0.03 0.04 £0.03
Width 3.93 +0.03 3.05+£0.02 2.92 £0.02 2.91+£0.02 2.86 £ 0.02 2.84 £0.02 2.82+£0.02
Bootstrapping Mean —0.06 £0.01 —-0.03+0.01 —-0.02+0.01 —-0.01+£0.01 —-0.00£0.01 —-0.02+0.01 —-0.004+0.01
Width 0.96 £ 0.01 0.98 £0.01 0.99 £ 0.01 1.02 £0.01 1.01 £ 0.01 1.00 £ 0.01 1.00 £ 0.01
Asymptotic Mean —0.06 £0.01 —-0.03+0.01 —-0.02+0.01 —-0.01=+0.01 0.00 £0.01 —-0.01£0.01 —0.0040.01
Width 1.00 £ 0.01 0.99 £ 0.01 1.00 £ 0.01 1.02 +0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £ 0.01
cFit Mean —-0.07+£0.01 —-0.04 £0.01 —-0.02+£0.01 —-0.02+£0.01 —-0.00£0.01 —-0.02+0.01 —-0.0140.01
Width 1.00 £ 0.01 1.00 £ 0.01 1.00 £0.01 1.02 +£0.01 1.01 £0.01 1.00 +0.01 1.00 £0.01
Rel. efficiency cFit/weighted 0.89+£0.02 091£0.02 0.91 £0.02 0.90£0.02  0.92+£0.02 0.91+£0.02 091£0.02

Appendix E: Results from pseudoexperiments using
sWeights
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Table 4 Means and widths of the pull distribution for the different
approaches to the uncertainty estimation, depending on the total yield
Niot. In addition, the relative efficiencies (i.e. the ratios of variances) of

the cFit estimator and the weighted estimator defined by Eq. 3 are given.
The different tables shown correspond to the different background mod-
els as specified in Sect. 4

Method Pull 400 1k 2k 5k 10k 20k
(a) Exponential background model
sFit Mean —1.17£0.09 —0.50 £ 0.03 —0.35+£0.03 —0.25+£0.03 —0.17 £ 0.02 —0.14 £ 0.02
Width 8.53 £0.06 2.78 £0.02 2.63 £0.02 2.52 +£0.02 2.48 £0.02 248 £0.02
Scaled weights Mean —0.75£0.05 —0.34 £ 0.02 —0.24 £0.02 —0.17+£0.02 —0.12+£0.02 —0.10 £ 0.02
Width 5.14+£0.04 2.16 £0.02 2.09 +0.01 2.03 +£0.01 2.00 £0.01 2.00 £ 0.01
Squared correction ~ Mean —0.22+£0.02 —0.13 +£0.01 —0.09 +0.01 —0.07 £0.01 —0.05 +£0.01 —0.05 +£0.01
Width 1.59 £ 0.01 1.44 £ 0.01 1.44 £ 0.01 1.43 £0.01 1.43 £0.01 1.43 £0.01
Bootstrapping Mean —0.07 £0.01 —0.06 +0.01 —0.04 +0.01 —0.04 £0.01 —0.03 +0.01 —0.03 +0.01
Width 1.21 +£0.01 1.22 +£0.01 1.26 +0.01 1.26 +0.01 1.27 £0.01 1.28 +£0.01
Full bootstrapping ~ Mean 0.00 £+ 0.01 0.01 +£0.01 0.01 £0.01 —0.00 £ 0.01 —0.01 +0.01 —0.01 +0.01
Width 0.94 +£0.01 0.94 +0.01 0.98 +0.01 0.98 +£0.01 0.99 +0.01 1.00 £ 0.01
Asymptotic Mean —0.07 £0.01 —0.06 +0.01 —0.04 +0.01 —0.04 £0.01 —0.03 +0.01 —0.03 +0.01
Width 1.21 +£0.01 1.24 £0.01 1.27 £0.01 1.27 £0.01 1.28 £0.01 1.29 +£0.01
Full asymptotic Mean 0.02 +£0.01 0.00 £ 0.01 0.00 £ 0.01 —0.00 £0.01 —0.01 +0.01 —0.01 +£0.01
Width 0.94 +£0.01 0.96 £+ 0.01 0.99 +0.01 0.99 £ 0.01 0.99 £+ 0.01 1.00 £ 0.01
cFit Mean —0.08 £0.01 —0.06 +0.01 —0.03 +0.01 —0.03 £0.01 —0.03 +0.01 —0.02 +0.01
Width 1.03 +£0.01 1.00 £ 0.01 1.01 £0.01 1.00 £+ 0.01 1.00 £ 0.01 1.01 £0.01
Rel. efficiency cFit/weighted 0.393 £0.008  0.4294+0.009  0.433 +£0.009  0.440+0.009  0.444 £0.009  0.451 £ 0.009
(b) Gaussian background model
sFit Mean —3.75+£0.25 —1.46 +0.08 —0.85+0.05 —0.58 +0.04 —0.30 £ 0.04 —0.21 £0.04
Width 25.33 £0.18 7.69 £ 0.05 4.68 +0.03 4.27 +£0.03 4.08 +0.03 4.00 +0.03
Scaled weights Mean —2.47+0.17 —1.00 + 0.06 —0.58 £0.04 —0.40 £0.03 —0.20+0.03 —0.14+£0.03
Width 16.58 +0.12 5.51 +£0.04 3.66 £ 0.03 3.41+0.02 3.29 £0.02 3.24 £0.02
Squared correction ~ Mean —0.39+0.02 —0.25 £0.02 —0.16 £ 0.02 —0.12+0.02 —0.05 £0.02 —0.04 £0.02
Width 2.43 +0.02 2.06 +0.01 1.94 +£0.01 1.89 £0.01 1.89 +£0.01 1.87 £0.01
Bootstrapping Mean —0.03 +£0.02 —0.02 £0.02 —0.01 £0.02 —0.02+£0.02 0.01 £0.02 0.00 +0.02
Width 1.56 £0.01 1.59 +£0.01 1.62 +£0.01 1.63 £0.01 1.65 +0.01 1.64 +£0.01
Full bootstrapping ~ Mean —0.01 £0.01 0.03 £0.01 0.03 £0.01 0.01 £0.01 0.02 £0.01 0.01 £0.01
Width 1.05 £ 0.01 0.99 +0.01 0.98 +£0.01 0.98 £0.01 1.00 £0.01 0.99 +£0.01
Asymptotic Mean 0.02 £0.01 —0.02 £0.02 —0.02+0.02 —0.02+£0.02 0.01 £0.02 0.00 +£0.02
Width 1.49 £ 0.01 1.62 £0.01 1.66 £ 0.01 1.66 £ 0.01 1.68 £0.01 1.67 £0.01
Full asymptotic Mean 0.09 £0.01 0.04 £0.01 0.03 £0.01 0.01 £0.01 0.02 £0.01 0.01 £0.01
Width 0.93 £0.01 0.98 £ 0.01 1.00 £ 0.01 0.99 £0.01 1.00 £0.01 0.99 +£0.01
cFit Mean —0.09 +0.01 —0.07 £0.01 —0.04 +£0.01 —0.03 £ 0.01 —0.03 £0.01 —0.01 +0.01
Width 1.00 £+ 0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £+ 0.01 1.01 +£0.01 1.00 £+ 0.01
Rel. efficiency cFit/weighted 0.118 £0.002  0.113£0.002 0.119+£0.002  0.124 £0.002  0.126 £0.003  0.127 +0.003
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Table 5 Means and widths of the pull distribution for the different
approaches to the uncertainty estimation, depending on the total yield
Niot. In addition, the relative efficiencies (i.e. the ratios of variances) of

the cFit estimator and the weighted estimator defined by Eq. 3 are given.
The different tables shown correspond to the different background mod-
els as specified in Sect. 4

Method Pull 400 1k 2k 5k 10k 20k
(a) Triangular background model
sFit Mean —3.55+0.21 —1.42 £ 0.07 —0.83 £0.05 —0.56 +0.04 —0.32+£0.04 —0.20 £0.04
Width 20.61 £ 0.15 7.25 £0.05 4.66 +0.03 4.24 +£0.03 4.04 +£0.03 4.08 +£0.03
Scaled weights Mean —2.37+0.14 —0.97 £0.05 —0.58 £0.04 —0.39+£0.03 —0.22 £0.03 —0.13+0.03
Width 13.93 £ 0.10 5.24 £0.04 3.65 £0.03 3.38 £0.02 3.26 £0.02 3.29 £0.02
Squared correction  Mean —0.41£0.02 —0.24 £0.02 —0.16 £0.02 —0.12£0.02 —0.06 £0.02 —0.03 £0.02
Width 2.40 £0.02 2.04 £0.01 1.92 £0.01 1.88 £ 0.01 1.86 £ 0.01 1.90 £0.01
Bootstrapping Mean —0.04 £0.02 —0.02 £0.02 —0.01 £0.02 —0.02 £0.02 —0.00 £0.02 0.01 £0.02
Width 1.57 £0.01 1.57 £0.01 1.59 +£0.01 1.60 £ 0.01 1.62 +£0.01 1.66 +0.01
Full bootstrapping ~ Mean —0.02 £0.01 0.03 +£0.01 0.03 +0.01 0.02 +£0.01 0.02 +0.01 0.02 +0.01
Width 1.06 £ 0.01 0.98 +0.01 0.97 £ 0.01 0.98 +0.01 0.98 +0.01 1.01 £0.01
Asymptotic Mean 0.01 +£0.02 —0.02 £0.02 —0.02 £0.02 —0.02 £0.02 —0.00 £0.02 0.01 £0.02
Width 1.50 £ 0.01 1.60 +0.01 1.62 +0.01 1.63 +0.01 1.64 +0.01 1.68 +0.01
Full asymptotic Mean 0.08 +0.01 0.04 +0.01 0.03 +0.01 0.01 £0.01 0.02 +0.01 0.02 +0.01
Width 0.94 +0.01 0.98 +0.01 0.98 +0.01 0.98 +0.01 0.99 +0.01 1.01 +£0.01
cFit Mean —0.11 £0.01 —0.08 £0.01 —0.05£0.01 —0.04 £0.01 —0.03 £0.01 —0.01 £0.01
Width 1.02 +£0.01 1.00 £+ 0.01 1.00 £ 0.01 1.01 £0.01 1.00 +0.01 1.00 +0.01
Rel. efficiency cFit/weighted 0.128+0.003  0.122+0.002  0.130£0.003  0.136 £0.003  0.137£0.003  0.132 £0.003
(b) Flat background model
sFit Mean —2.38+0.16 —0.97 £0.05 —0.58 £ 0.04 —0.41£0.04 —0.25£0.03 —0.20 £0.03
Width 16.02 +£0.11 4.57+0.03 3.83+£0.03 3.594+0.03 3.47£0.02 3.42+0.02
Scaled weights Mean —1.56 £0.10 —0.66 £0.03 —0.39 £0.03 —0.28 £0.03 —0.17 £0.03 —0.15+£0.03
Width 10.43 +0.07 3.44 £0.02 3.02 £0.02 2.87 +£0.02 2.80 +0.02 2.77 £0.02
Squared correction  Mean —0.32 +£0.02 —0.19+£0.02 —0.11 +£0.02 —0.09 +0.02 —0.06 +0.02 —0.05 £ 0.02
Width 2.09 £0.01 1.83 +£0.01 1.78 £0.01 1.76 £ 0.01 1.74 £ 0.01 1.73 £0.01
Bootstrapping Mean —0.06 £ 0.01 —0.04 £0.01 —0.01 £0.01 —0.02 £0.01 —0.01 £0.01 —0.02 +£0.01
Width 1.36 £0.01 1.38 £0.01 1.41 £0.01 1.43 £0.01 1.43 £0.01 1.43+£0.01
Full bootstrapping ~ Mean —0.01 £0.01 0.03 £0.01 0.03 £ 0.01 0.01 £0.01 0.01 +£0.01 —0.00 £0.01
Width 1.00 £ 0.01 0.96 £ 0.01 0.97 £0.01 0.99 £0.01 0.99 +£0.01 0.99 +0.01
Asymptotic Mean —0.03 £0.01 —0.04 £0.01 —0.02 £ 0.01 —0.02 £0.01 —0.01 £0.01 —0.02 +£0.01
Width 1.32 £ 0.01 1.41 £0.01 1.44 £0.01 1.45+0.01 1.45 £ 0.01 1.45£0.01
Full asymptotic Mean 0.06 £ 0.01 0.03 £0.01 0.03 £0.01 0.01 £0.01 0.01 £0.01 —0.00 £ 0.01
Width 0.93 £0.01 0.98 £ 0.01 0.99 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 +£0.01
cFit Mean —0.08 £0.01 —0.07 £0.01 —0.03 £0.01 —0.03 £0.01 —0.02 £0.01 —0.02 £0.01
Width 1.02 £ 0.01 1.01 £0.01 0.99 £ 0.01 1.00 £ 0.01 1.01 £0.01 1.00 £0.01
Rel. efficiency cFit/weighted 0.207 £0.004  0.203+0.004  0.208 £0.004  0.215+£0.004  0.224 £0.004  0.223 £0.004

Appendix F: s Weights with negligible nuisance parameter
correlations

In Sect. 4.2 the mass range which is used to determine the
sWeights is chosen such that the background slope opkg is
significantly correlated with the event yields. This results in
an additional uncertainty on the sWeights that needs to be
accounted for using Eq. 49. For completeness, in this sec-
tion the different methods are studied in the absence of any

significant impact of nuisance parameters on the sWeights.
To this end, the mass range [5267, 5467] MeV/c? is cho-
sen, which is a symmetrical mass window around the peak
at 5367 MeV/ 2, as shown in Fig. 12. This choice results in
negligible correlation of apkg With Nsig and Npgg. All other
settings are kept as in Sect. 4.2.
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Table 6 Means and widths of the pull distribution for the different
approaches to the uncertainty estimation, depending on the total yield
Niot. In addition, the relative efficiencies (i.e. the ratios of variances)
of the cFit estimator and the weighted estimator defined by Eq. 3 are

given. The different tables shown correspond to the different back-
ground models as specified in Sect. 4. In this case, the mass range
[5267, 5467] MeV/ ¢? is chosen, such that the nuisance parameter epkg
has negligible correlation with the event yields

Method Pull 400 1k 2k 5k 10k 20k
(a) Exponential background model
sFit Mean —0.46 £0.03 —0.29 £0.02 —0.18 £0.02 —0.14 £ 0.02 —0.09 £0.02 —0.06 £0.02
Width 2.82 £0.02 2.47 £0.02 2.40 £0.02 2.37£0.02 2.32 +£0.02 2.33£0.02
Scaled weights Mean —0.30 £0.02 —0.19+£0.02 —0.12+0.02 —0.09 +£0.02 —0.06 £0.02 —0.04 £0.02
Width 1.97 £0.01 1.76 £0.01 1.72 £0.01 1.69 £+ 0.01 1.66 £ 0.01 1.67 £0.01
Squared correction ~ Mean —0.08 £0.01 —0.06 +0.01 —0.03 +£0.01 —0.03 £0.01 —0.02 £0.01 —0.01 +£0.01
Width 1.17 £ 0.01 1.14 +0.01 1.13 £ 0.01 1.13 £ 0.01 1.11 £0.01 1.12 £ 0.01
Bootstrapping Mean 0.01 £0.01 —0.00 £ 0.01 0.00 £ 0.01 —0.00 £ 0.01 —0.00 £0.01 —0.00 £ 0.01
Width 0.95 £0.01 0.97 £ 0.01 0.99 £+ 0.01 0.99 £0.01 0.98 £ 0.01 0.99 £+ 0.01
Full bootstrapping ~ Mean 0.00 £ 0.01 —0.01 +£0.01 0.00 £+ 0.01 —0.00 £0.01 —0.00 £0.01 —0.00 £ 0.01
Width 0.96 £ 0.01 0.98 +£0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £ 0.01 1.00 £ 0.01
Asymptotic Mean 0.00 £ 0.01 —0.01 +£0.01 0.00 £ 0.01 —0.00 £0.01 —0.00 £0.01 —0.00 £ 0.01
Width 0.98 £0.01 0.99 +£0.01 1.00 £0.01 1.00 £ 0.01 0.99 £0.01 1.00 £ 0.01
Full asymptotic Mean 0.00 £0.01 —0.01 +£0.01 0.00 £ 0.01 —0.00 £0.01 —0.00 £0.01 —0.00 £ 0.01
Width 0.98 £0.01 0.99 +£0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 +£0.01 1.00 £ 0.01
cFit Mean —0.05 +£0.01 —0.05 +£0.01 —0.02 £0.01 —0.02 £0.01 —0.01 £0.01 —0.01 £0.01
Width 1.02 £0.01 1.01 £0.01 1.01 £0.01 1.01 £0.01 1.01 £0.01 1.00 £0.01
Rel. efficiency cFit/weighted 0.466 £0.009  0.470 £0.009  0.468 £0.009  0.467£0.009 0.478 £0.010  0.465 %+ 0.009
(b) Gaussian background model
sFit Mean —0.84 £0.04 —0.42+0.03 —0.25+0.03 —0.16 £0.03 —0.14 £0.03 —0.10£0.03
Width 4.47+0.03 3.29 £0.02 3.09 £0.02 3.01 £0.02 2.92 £0.02 2.92 £0.02
Scaled weights Mean —0.54 £0.03 —0.27 £0.02 —0.16 £0.02 —0.10+£0.02 —0.09 +£0.02 —0.07 £0.02
Width 3.05+£0.02 2.32+£0.02 2.20 £0.02 2.15+0.02 2.09 £0.01 2.09 £0.01
Squared correction ~ Mean —0.12 £0.01 —0.06 +0.01 —0.03 £0.01 —0.01 £0.01 —0.03 £0.01 —0.02 +0.01
Width 1.22 +£0.01 1.15£0.01 1.14 £0.01 1.13£0.01 1.11 £0.01 1.11 £0.01
Bootstrapping Mean 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.00 £ 0.01 —0.00 £ 0.01
Width 0.96 £ 0.01 0.96 £ 0.01 0.97 £0.01 0.98 £0.01 0.97 £0.01 0.97 £0.01
Full bootstrapping ~ Mean 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.00 £ 0.01 —0.00 £ 0.01
Width 0.97 £0.01 0.98 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £ 0.01 1.00 £ 0.01
Asymptotic Mean 0.04 £0.01 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.00 £ 0.01 —0.00 £ 0.01
Width 0.98 £ 0.01 0.99 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £0.01 0.99 £ 0.01
Full asymptotic Mean 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.03 £0.01 0.00 £ 0.01 —0.00 £ 0.01
Width 0.97 £0.01 0.99 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £ 0.01 0.99 £ 0.01
cFit Mean —0.09 £0.01 —0.06 £ 0.01 —0.04 £0.01 —0.03 £0.01 —0.03 £0.01 —0.02 £0.01
Width 1.02 £0.01 1.01 £ 0.01 1.02 £ 0.01 1.01 £0.01 1.00 £ 0.01 1.00 £ 0.01
Rel. efficiency cFit/weighted 0.218 £0.004  0.228 4 0.005 0.2354+0.005  0.235+0.005  0.239 £0.005  0.236 £ 0.005
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Table 7 Means and widths of the pull distribution for the different
approaches to the uncertainty estimation, depending on the total yield
Niot. In addition, the relative efficiencies (i.e. the ratios of variances)
of the cFit estimator and the weighted estimator defined by Eq. 3 are

given. The different tables shown correspond to the different back-
ground models as specified in Sect. 4. In this case, the mass range
[5267,5467] MeV/ ¢? is chosen, such that the nuisance parameter ctpkg
has negligible correlation with the event yields

Method Pull 400 1k 2k S5k 10k 20k
(a) Triangular background model
sFit Mean —0.84 £0.05 —0.42+£0.03 —0.29+£0.03 —0.20£0.03 —0.14 £0.03 —0.09 +£0.03
Width 5.33 £0.04 3.24 £0.02 3.08 £0.02 3.02 £0.02 2.97 £0.02 2.97 £0.02
Scaled weights Mean —0.54 £0.04 —0.27 £0.02 —0.19+£0.02 —0.13£0.02 —0.09 £0.02 —0.06 +£0.02
Width 3.55+£0.03 2.29 £0.02 2.20 £0.02 2.16 £0.02 2.13£0.02 2.12£0.02
Squared correction ~ Mean —0.11 £0.01 —0.06 +0.01 —0.05+0.01 —0.03 +£0.01 —0.02 £0.01 —0.01 +£0.01
Width 1.23 +£0.01 1.15+0.01 1.14 £0.01 1.13 £ 0.01 1.13 £ 0.01 1.13 £0.01
Bootstrapping Mean 0.03 £0.01 0.03 £ 0.01 0.02 £ 0.01 0.01 £0.01 0.00 £ 0.01 0.01 £0.01
Width 0.95 £0.01 0.95 £ 0.01 0.96 £+ 0.01 0.97 +£0.01 0.97 £0.01 0.98 £+ 0.01
Full bootstrapping ~ Mean 0.03 £0.01 0.03 £ 0.01 0.02 £ 0.01 0.01 +£0.01 0.00 £ 0.01 0.00 £ 0.01
Width 0.97 £0.01 0.97 £0.01 0.98 +£0.01 1.00 £ 0.01 1.00 £+ 0.01 1.00 +£0.01
Asymptotic Mean 0.04 £0.01 0.02 +£0.01 0.02 +£0.01 0.01 +£0.01 0.00 £ 0.01 0.00 £ 0.01
Width 0.97 £0.01 0.98 £0.01 0.99 +£0.01 1.00 £0.01 1.00 £ 0.01 1.00 +£0.01
Full asymptotic Mean 0.04 £0.01 0.02 £0.01 0.01 £0.01 0.01 £0.01 0.00 £0.01 0.00 £ 0.01
Width 0.97 £0.01 0.98 +£0.01 0.99 +£0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £ 0.01
cFit Mean —0.11 +£0.01 —0.07 £0.01 —0.05+0.01 —0.04 £0.01 —0.03 £0.01 —0.02+0.01
Width 1.02 £0.01 1.01 £0.01 1.01 £0.01 1.01 £0.01 1.00 £ 0.01 1.00 £0.01
Rel. efficiency cFit/weighted 0.231 £0.005  0.239£0.005  0.244 £ 0.005 0.246 £0.005  0.2424+0.005  0.242 £ 0.005
(b) Flat background model
sFit Mean —0.71 £ 0.04 —0.46 +0.03 —0.36 £0.03 —0.28 £0.03 —0.18 £0.03 —0.13+0.03
Width 3.86 £ 0.03 3.14 £0.02 3.03 £0.02 2.98 £0.02 2.89 +£0.02 2.88 +£0.02
Scaled weights Mean —0.46 £0.03 —0.30 £ 0.02 —0.24 £0.02 —0.19+0.02 —0.12+£0.02 —0.09 +0.02
Width 2.67 +£0.02 2.23+£0.02 2.16 £0.02 2.13£0.02 2.07 £0.01 2.07 £0.01
Squared correction ~ Mean —0.10 £0.01 —0.09 +0.01 —0.08 +0.01 —0.07 £0.01 —0.05£0.01 —0.03 +0.01
Width 1.26 £ 0.01 1.22 £0.01 1.22 £0.01 1.22 +£0.01 1.20 £ 0.01 1.20 £0.01
Bootstrapping Mean 0.02 £0.01 —0.00 £ 0.01 —0.02 +£0.01 —0.02 £0.01 —0.02 £0.01 —0.01 +£0.01
Width 0.94 £0.01 0.95 £0.01 0.98 +£0.01 0.98 £0.01 0.97 £0.01 0.98 +£0.01
Full bootstrapping ~ Mean 0.01 £0.01 —0.01 +£0.01 —0.02 +£0.01 —0.02 £0.01 —0.02 £0.01 —0.01 +£0.01
Width 0.95 £0.01 0.97 £0.01 0.99 £ 0.01 0.99 £0.01 0.99 £ 0.01 0.99 £ 0.01
Asymptotic Mean 0.02 £0.01 —0.01 +£0.01 —0.02 £ 0.01 —0.02 £0.01 —0.02 £0.01 —0.01 +£0.01
Width 0.96 £ 0.01 0.98 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £0.01 0.99 £ 0.01
Full asymptotic Mean 0.02 £0.01 —0.01 +£0.01 —0.02 +£0.01 —0.02 £0.01 —0.02 £0.01 —0.01 +£0.01
Width 0.96 £ 0.01 0.98 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 0.99 £0.01 0.99 £ 0.01
cFit Mean —0.06 £0.01 —0.04 +£0.01 —0.03 £0.01 —0.03 £0.01 —0.02 £0.01 —0.02 +£0.01
Width 1.02 +£0.01 1.01 £0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £ 0.01 1.00 £ 0.01
Rel. efficiency cFit/weighted 0.298 £0.006  0.2954+0.006  0.290 £0.006  0.293 £0.006  0.296 £0.006 ~ 0.297 £ 0.006
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Fig. 12 Discriminating mass distribution for (black) the full
data, (blue) signal and (red) background using the mass range
[5267, 5467] MeV/c?

The means and widths of the resulting pull distributions
are given in Tables 6 and 7. As for the case discussed in
Sect. 4.2, the sFit, the scaled weights method and the squared
weights method show significant undercoverage. All other
methods, namely the (full) bootstrapping, the (full) asymp-
totic method and the cFit show correct coverage.
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