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Abstract

We use a simulated pseudo-data sample corresponding to10 pb−1 of integrated luminosity from the
CMS experiment at a pp collision energy of10 TeV to test our plans to test QCD predictions and
search for new dijet production mechanisms using the dijet ratio. The dijet ratio is the ratio of the num-
ber of dijets produced at|η| < 0.7 to the number of dijets produced at0.7 < |η| < 1.3, parametrized
as a function of the reconstructed dijet mass. By construction the measured dijet ratio in this test
agrees with the QCD prediction. Applying our search to this pseudo-data sample, we show that CMS
could exclude at 95% confidence level models containing the following production mechanisms: ex-
cited quarks decaying to dijets with mass below1.8 TeV and contact interactions of scale below4.6
TeV .



1 Introduction
In this note we document our plans and techniques to test QCD predictions and search for new dijet production
mechanisms using the dijet ratio in early CMS data. The note is also intended to support our early paper draft [1].

1.1 Motivation and definition

We consider a dijet event to be a collision event with two or more energetic jets. The dijet itself is a physics object
consisting of the two leading jets. In the standard model, dijet production is vastly dominated by QCD processes.
These QCD processes are dominated by T- and U-channel scattering, which favors forward jets. Conversely, many
examples of dijet-producing new physics are dominated by S-channel scattering, which favors central jets. Thus,
the angular distribution of dijets becomes a useful measurement for testing QCD and searching for new physics.

A complete measurement of the dijet angular distribution requires high statistics and is sensitive to many potential
systematic uncertainties. We thus desire a simple parameterization of the angular distribution that is more robust
and suitable for early analyses. The dijet ratio,R, provides this. It is defined asR = N(|η| < 0.7)/N(0.7 <
|η| < 1.3), that is, the number of events with both jets in the “inner” region |η| < 0.7 (Ni) divided by the number
of events with both jets in the “outer” region0.7 < |η| < 1.3 (No). We restrict our analysis to jets pointing at
the barrel1) because this is a well-understood region of the detector with smoothly varying energy corrections.
The dijet ratio is then binned as a function of the reconstructed dijet invariant mass,Mjj . Since many sources of
systematic uncertainty cancel in this ratio, the dijet ratio is a precise test of QCD and is sensitive to new physics.
A similar dijet ratio was measured at the Tevatron [2] and used to set a limit on quark contact interactions.

In addition, this observable should benefit from the early work planned on understanding the jet energy scale via
dijet balance [3]. These properties make the dijet ratio an extremely rugged observable that is highly appropriate
for early data analysis. The observable is sensitive to deviations from Standard Model QCD predictions, even at
low statistics. For example, resonant production will showup as a peak in the dijet ratio, with the peak value
correlated to the spin of the intermediate state particles,and contact interactions will show up as a steady rise in
the value of the ratio.

1.2 Event selection and reconstruction

Event selection and reconstruction follow those of the dijet mass measurement [4]. Briefly, jets are clustered with
the SISCONE [5] clustering algorithm withR = 0.7 (this will be replaced with the anti-Kt algorithm in the
future). After applying relative (L2, inη) and absolute (L3, in transverse momentum) jet energy corrections, the
two leading jets are selected to form the dijet. ”Unphysical” (instrumental, cosmic, and beam halo) background is
removed with better than 99% efficiency by requiring that/ET/

∑

ET < 0.3. The dijet ratio is then measured in
the sameMjj bins as the dijet mass a nalysis, with bin width roughly equalto theMjj resolution. At startup, only
dijets withMjj >≈ 0.4 GeV , where the unprescaled jet trigger (HLT_Jet110) becomes fully efficient will be
measured. As the experiment continues, prescaled triggerswith lower thresholds will be added as well.

In Fig. 1 we present our pseudo data of the two (inner and outer) dijet mass distributions and in Fig. 2 their ratio.
Fig. 2 is also available in table form in Appendix A. The blackcurve is from an PYTHIA [6] + CMS simulation of
pp collisions with a hard QCD process where the protons interact via the strong force. The pseudo data production
and the systematic uncertainties are described later in this note. If the real data looks like this we will conclude
there is no evidence for new dijet production mechanisms.

2 Models
2.1 Standard model prediction

We base the standard model prediction on the “summer08” Monte Carlo sample of inclusive QCD hard processes
in pp collisions with10 TeV simulated by PYTHIA and passed through the full (GEANT based) CMS detector
simulation. The events are generated in severalp̂T bins, and weighted according to the generated luminosity as
in Ref. [4]. Events passing the inner and outer selection criteria are selected, and theirMjj spectra histogramed.
Unfortunately, the MC samples are not large enough to give smooth estimates of the inner and outer spectra, and
more importantly, of their ratio.

1) Jets atη ≈ 1.3 can contain energy from the endcaps.
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Figure 1: Number of pseudo events for the inner (above) and outer (below) selections. WARNING: CMS DATA
IN THIS FIGURE IS FAKE
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Figure 2: The dijet ratio WARNING: CMS DATA IN THIS FIGURE IS FAKE
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To smooth the simulated distributions and ensure a good description of the ratio, we fit the outerMjj spectrum and
the ratio, as shown in Fig. 3. We then predict the innerMjj spectrum by multiplying the fitted ratio by the fit to the
outerMjj spectrum:

nsmooth
i = Rfitnfit

o . (1)

We fit the outer spectrum to the functional form:

n (Mjj ) = α

(

1 − Mjj√
s

)β

M−γ
jj , (2)

wheren is the fitted event count,Mjj is given in GeV ,
√

s = 10 000 is the collision energy inGeV , andα, β, and
γ are the fitted paramaters. We chose to fit the outer spectum rather than the inner one since with the current MC
the outer spectrum fit has a lowerχ2 per degree of freedom score (54.8 vs. 99.1, both with 53 degrees of freedom)
than the similar fit to the innerMjj spectrum. We similarly smooth the dijet ratio by fitting it toa sixth degree
polynomial shown in Fig. 2. The predictions are then normalized to the desired integrated luminosity.
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Figure 3: Simluated inner and outerMjj spectra (left) and the dijet ratio (right) in the SM MC samples (shown by
the data points), together with the fits used in the analysis (shown by the solid curves).

The fitted parameters are:

α = 7.56685 · 1016,

β = 5.01731,

γ = 4.73418,

a0 = 0.372468,

a1 = 0.279615 TeV−1,

a2 = −0.213751 TeV−2,

a3 = 0.100324 TeV−3,

a4 = −0.0274851 TeV−4,

a5 = 3.6442 · 10−3 TeV −5,

a6 = −1.79247 · 10−4 TeV −6,

(3)
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where theais are the coefficients of the polynomial fit to the dijet ratio.

2.2 Dijet resonances

We consider dijet production through the processq∗ → qg. Due to a lack of fully simulated MC samples, we use
the following temporary procedure to model this production. We predict the contributions from this production to
the inner and outerMjj spectra, as a function ofmq∗ as the product of two fits:

• from code developed for the dijet mass analysis [4] we obtainthe overall normalization and theMjj distri-
butions ofq∗ events selected with their looser cuts (namely, both jets are required to satisfy|η| < 1.3) at
mq∗ = 1, 1.25, . . . , 4 TeV .

• from the corresponding MC sample, generated with PYTHIA andthe full CMS detector simulation at
mq∗ = 0.7 and2 TeV , we obtain the integrated selection efficiency for our tigher jet cuts. The integrated
selection efficiencies are fairly flat, as shown in Fig. 4, andwe use the linear fit shown there.

TheMjj dependence of these selection efficiencies is shown in Fig. 5for PYTHIA QCD production and in Fig. 6
for the existingq∗ samples. The test statistics described later use, at most, the narrowness of the simulated signal
shapes, so that the resulting limits should be fairly robustto small slopes that do not change the overall normaliza-
tion. Thus we neglect these additional dependencies.
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Figure 4: Simulated integrated efficiencies (points) and
their fits (lines) for the inner and outer jet selections,
relative to the efficiencies of the looser selection (|η| <
1.3) in Ref. [4] from the PYTHIAq∗ samples.
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Figure 5: Simulated efficiencies (points) and their fits
(lines) for the inner (upper line) and outer (lower line)
jet selections, relative to the efficiencies of the looser
selection (|η| < 1.3) in Ref. [4] from the PYTHIA
QCD samples.

The predictedq∗ contributions for the inner and outer spectra (see Fig. 7) are added to the SM predictions to yield
the models shown in Fig. 8. This plot demonstrates that excited quarks would produce significant signals above
the SM production up tomq∗ of order1 TeV .
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Figure 6: Simulated efficiencies (points) and their fits (lines) for the inner (upper line) and outer (lower line) jet
selections, relative to the efficiencies of the looser selection (|η| < 1.3) in Ref. [4] from themq∗ = 700 GeV (left
plot) andmq∗ = 2 TeV (right plot) samples.
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Figure 7: Predictedq∗ contribitions formq∗ = 1 TeV (top left),1.5 TeV (top right), and2 TeV (bottom).
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2.3 Contact interactions

We use privately produced PYTHIA samples to simulate contact interaction signals at mass scales ofΛ = 2, 3, 4,
and5 TeV . These samples were not passed through the CMS detector simulation. Instead of calorimetry jets, we
used the standard CMS GenJets which cluster stable particles using the same algorithm as used for the calorimetry
jets.

We consider this a sufficient model since the shaping ofR by detector effects, shown in Fig. 9 is smaller than our
MC statistical uncertainties. This study was performed using the (fully simulated) “summer08” QCD MC samples
and the corresponding L2L3 jet energy corrections.
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Figure 9: Differences between the fit to the dijet ratio from corrected CaloJets jets and the fit to the dijet ratio from
GenJets for the PYTHIA QCD samples.

The predicted production in the presence of contact interaction is shown in Fig. 10. This plot demonstrates that
contact interactions would produce significant signals above the SM production up toΛ of order2 TeV .

3 Statistical tools
The statistical tools used in the analysis are described in this section. Appendix B further discusses the choices
leading to those tools and alternatives to them.

3.1 For a single mass bin

In each mass bin we observe two event counts, the innerNi, and outerNo, from which we findR = Ni/No, on
which we base our sensitivity to new production mechanisms.ButR does not capture all the information available
in Ni, andNo. Specifically, we define

Nt = Ni + No, (4)

which quantifies the statistical strength ofR for the observed event counts. The use of such “ancillary statistics”
is reviewed in Ref. [7], which notes that aside from the “foundational arguments” leading to conditioning the
distributions of the statistics of interest by the ancillary statistics, “conditional distributions can be much easier to
calculate than marginal distributions, as they do not require high-dimensional integration”. This is also the case
here: sinceNi andNo are independent random variables distributed according toPoisson statistics, we use the
long-known fact [8] that for such Poisson variables

P (ni, no | µi, µo) = P (nt | µt)P (ni | nt, ρ) (5)

where

• ni, no, andnt are specific values of the corresponding random variablesNi, No, andNt

• µi, µo, andµt = µi + µo are the parameters (often refered to as means in the statistics literature) of the
corresponding Poisson variables,

• P (nt | µt) is a Poisson distribution with parameterµt,
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Figure 10: The dijet ratio as a function of dijet mass compared to the SM prediction and to models of contact
interactions. WARNING: CMS DATA IN THIS FIGURE IS FAKE

• P (ni | nt, ρ) is a Binomial distribution withnt trials and probability of success

ρ =
µi

µi + µo

=
1

1 + R−1
, (6)

whereR = µi/µo is the ratio of the Poisson parameters (a number).

The notation used here follows that of Ref. [9], which also notes that “the standard frequentist binomial param-
eter test can be used” to construct Clopper-Pearson confidence intervals. The error bars shown in Fig. 2 are
Clopper-Pearson 68% confidence intervals, which are used inthis analysis only for visualization purposes. They
are calculated analytically following Ref. [10]. Using thedefinitions above, the low limit onρ for a desired tail
sizet is:

R−1
L =

1 + no

ni

1

F (1 − t, 2ni, 2 (1 + no))

ρL =
1

1 + R−1
L

,
(7)

whereF is (the complementary quantile of) Snedecor’s F distribution (same notation as in Ref. [10]) and evaluated
using ROOT’s [11]ROOT::Math::fdistribution_quantile_c function 2). Similarly, the upper limit
onρ (again, for tail sizet) is:

R−1
U =

no

1 + ni

1

F (t, 2 (1 + ni) , 2no)

ρU =
1

1 + R−1
U

.
(8)

2) We also implemented a calculation based on ROOT::Math::beta quantile which yielded the same results
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The limits onR are derived by transforming the observed value (r) into ρ and from there intoni, looking up the
limits on ρ, and transforming them back into limits onR. For example, fornt = 10 andni = 3 (or equivalently,
r = 3

7 , orρ = 0.3) we get a double-sided 95% C.L. (i.e.t = 0.025) interval forρ with ρL = 0.067 andρU = 0.652
in agreement with Ref. [10] (or equivalently,0.072 < R < 1.877).

To create a test statistic that quantifies the deviation ofR (Mjj ) from its expected value, it’s useful to first quantify
this deviation in a single bin. In the spirit of frequentist null hypothesis testing we seek to answer the question:
what is the probability of observing a value that isat least as surprising as the one actually observed. We do so by
taking the one-sided (P1) or two-sided (P ) tail probabilities ofR, after conditioning its distribution bynt so it is
simply a Binomial.

P1 (r) = 1 − FB (r) , and (9)

P (r) = 1 − |1 − 2FB (r)| , (10)

whereFB is the cumulative distribution function (CDF) of the binomialR distribution, that is,FB (b) = P (B ≤ b)
for a random variableB having a binomial distribution with parametersρ andnt. FB is evaluated using the Gaus-
sian approximation forN > 108, and using the incomplete beta function for fewer trials. Wewould like to thank
the authors of Ref. [9] for pointing out the numerical difficulties in evaluating the incomplete beta function for
large numbers (N >≈ 103), and providing their code which resolves this (for108 > N ).

More explicitly:

• The Gaussian approximation is

FB =
1

2

(

1 + erf

(

r − R√
2σ

))

, (11)

where (as above)R = µi/µo is the ratio of the Poisson parameters, and

σ = R

√

1

ntρ
+

1

nt (1 − ρ)
, (12)

and (as above)ρ = µi

µi+µo

.

• The exact expression forFB in terms of the regularized incomplete beta function is:

FB = I1−ρ (1 + nt − nm, nm) , (13)

wherenm = 1 + ⌊nt

(

1 − 1
1+r

)

⌋, 3) which is a generalization for anyr value of the simpler expression

nm = 1 + ni which holds forr = ni/no.

3.2 Test statistics

To summarize the deviations from the SM, we combine the per-bin probabilities defined above in one of two test
statistics. We do this using the Fisher combination, which is simply the product of the probabilities of the individual
measurements. To avoid possible numerical issues with small numbers we do so by summing the logarithms of the
per-bin probabilities. The first statistic looks for the most generic deviation:

G =
∑

i

lnP (ri) , (14)

wherei runs over theMjj bins, andri is theR value observed in thei-th bin.

The second statistic looks for generic narrow-resonance production, that is for a rise inMjj localized in a region
related to the experimental resolution. This is done by summing thelnP -s only in a “window” inMjj using the
one-sided high tail probabilitiesP1, and choosing the most suspicious window:

W =
1+N−n
max
i=1

i+n−1
∑

j=i

lnP1 (rj) , (15)

3) The half brackets stand for the floor function:⌊x⌋ = max {n ∈ Z | n ≤ x}
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wheren is the window size. Studyingq∗ signal we found thatn =≈ 8 yields the highest limits (neglecting
systematic uncertainties). We expect that this will hold for other narrow resonances, and will use onlyn = 8 in
this analysis.

In Ref. [1] we used an earlier and weaker version ofW which used double-sided probabilities:

W2 =
1+N−n
max
i=1

i+n−1
∑

j=i

lnP (rj) . (16)

For the pseudo data shown in Fig. 2,G = −36.5, W = −10.0, andW2 = −14.85.

These test statistics are generic in the sense that they do not use a specific new physics hypothesis. This is more
generic than the usual bump hunt procedure where the limit setting is done as a null hypothesis testing, but the test
statistics depend on a new physics hypothesis, namely, the signal template used in a signal plus background fit to
the data. A related quality of these test statistics is that they are not local inMjj , so that one number (W ) translates
into a limit on severalq∗ masses, and upon observing a deviation from the SM prediction they are inappropriate
tools for setting limits on an additional deviation. Further possible disadvantages of non local test statistics are
discussed in Appendix B.3.

3.3 Ensemble testing

The distribution for the test statistics are estimated using a Monte Carlo technique. For each hypothesis we generate
an ensemble of106 pseudo datasets. Each pseudo dataset contains simulated countsNi andNo for eachMjj bin,
drawn from the corresponding Poisson distributions with the Poisson parameters appropriate for that hypothesis.
The test statistics are calculated for each pseudo dataset and histogramed, thus sampling their distribution. Figs. 11
and 12 shows some of the resulting distributions.
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Figure 11: Predicted distributions of theG andW statistics from the SM ensembles (black solid lines) and from
ensembles for examples of beyond SM models (red broken lines).
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3.4 Limit setting

We set limits on dijet production via aq∗ and via contact interaction. We first generated ensembles, each containing
a million pseudo datasets, atmq∗ = 1, 1.25, . . . , 4 TeV andΛ = 2, 3, 4, 5 TeV . For theq∗ hypotheses we tested
theW statistic, and for the contact interaction hypotheses we tested theG statistic. We then set one-sided 95%
confidence intervals onmq∗ or Λ (conceptually: finding their minimal values still consistent with the data), by
finding for each of those values the95-th quantile of the statistic’s distribution. We use a linear interpolation
between these values, as demonstrated in Fig. 13 for the values observed for the pseudo data of Figs. 1 and 2.
For example, theΛ = 4 TeV point in Fig. 13 comes from the 95% quantile of the dashed red curve in the
left plot of Fig. 11. The SM distributions are not used explicitly, but enter implicitly as the limiting case of
Λ → ∞ or mq∗ → ∞, which we do not exclude. The resulting 95% C.L. limits aremq∗ > 1821 GeV from W ,
mq∗ > 1665 GeV from W2, andΛ > 4623 GeV from G.
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Figure 13: Fake 95% C.L. lower limits on the new physics parameters. The left figure is for contact interactions
using the generic statisticG; the right figure is for excited quarks using the narrow-resonance oriented statistic
W . The value of the statistic for the pseudo data example used in this note is indicated by the dashed horizontal
line and arrow. The vertical dashed arrow indicates the intercept between the linear interpolation (solid line) of
the 95% C.L. limits derived from the ensembles (dots) and observed statstic, i.e., the observed limit. WARNING:
CMS DATA IN THIS FIGURE IS FAKE

3.5 Systematic Uncertainties

We have not yet included systematic uncertainties into our analysis. We plan to evaluate the impact of the var-
ious systematic uncertainties by modifying the ensembles used in the limit setting, without modifying the test
statistics and limit setting procedure. Doing so changes the limit setting procedure from a purely frequentist one
to a frequentist-Bayesian hybrid commonly used in high energy physics [9]. Our test statistics and limit setting
procedures may require modifications in the presence of significant systematics. This is discussed in Appendix B.3.

So far we have considered the following sources of systematic uncertainty. This is not a complete list, but it
contains what we believe to be the dominant systematic uncertainties.

• Relative jet energy scale (RJES), between the inner and outer regions The RJES will be measured using
dijets as documented in Ref. [3]. This is a key measurement for the dijet ratio analysis, as it controls the
main systemtic of this analysis. With it, we expect an uncertainty of only1% on RJES. Applying such a
shift to the inner mass spectrum and observing the effect on the dijet ratio yields the systematic uncertainties
shown in Fig. 14. We expect these to be the dominany systematic uncertainty, and it is the only systematic
uncertainty already included in Fig. 2. But this uncertainty is not yet included in the ensembles and limits.

• Overall jet energy scale (JES) To first order, the effects of the overall jet energy scale cancel in the dijet ratio.
But second order effects are expected due to differences between the spectra in the inner and outer regions,
and due to the scaling ofMjj . We will assume an uncertainty on the overall jet energy scale of about 10% at
startup.

• Modeling of SM production. To be addressed through varying MC generation. Need to cover uncertainties
on the normalization and fragmentation scales, and on the PYTHIA tune (in particular, showering model
and multiple parton interactions).

• Background parametrization.
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Figure 14: Systematic uncertainties onR due to a 1% variation in the relative jet energy scale.

4 Thanks
We thank Robert Cousins for his comments and suggestions on the statistical tools used in this analysis.

5 Results
The pseudo data used in this exercise is consistent with the SM prediction, as it should be by construction. The
fake 95% C.L. limits derived from the pseudo data areΛ > 4.6 TeV andmq∗ > 1.8 TeV . Using the superseded
W2 statistics we findmq∗ > 1.6 TeV .

6 Conclusion
We illustrated our plan to test QCD predictions and search for new dijet production mechanisms using the dijet
ratio at CMS. From a simulated pseudo-data sample arising from the SM prediction for10 pb−1 of integrated
luminosity at a collision energy of10 TeV , we measure the dijet ratio as a function of dijet mass, and search for
generic global and local deviations from the SM prediction.
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A Tabulated dijet ratio

Table 1: For each bin of dijet mass we list the numerator and denominator of the dijet ratio, followed by the
measured ratio and its upper and lower statistical uncertainty. WARNING: CMS DATA IN THIS TABLE IS
FAKE

mass range (GeV) ratio + error - error
419 - 453 8713 / 18918 = 0.461 0.00604 0.00596
453 - 489 5876 / 12923 = 0.455 0.00727 0.00715
489 - 526 4126 / 8967 = 0.460 0.00882 0.00866
526 - 565 2863 / 6238 = 0.459 0.0106 0.0104
565 - 606 2003 / 4422 = 0.453 0.0125 0.0122
606 - 649 1429 / 3061 = 0.467 0.0154 0.0150
649 - 693 1039 / 2220 = 0.468 0.0183 0.0176
693 - 740 767 / 1459 = 0.526 0.0245 0.0234
740 - 788 546 / 1152 = 0.474 0.0259 0.0246
788 - 838 409 / 818 = 0.500 0.0322 0.0302
838 - 890 316 / 597 = 0.529 0.0395 0.0368
890 - 944 208 / 450 = 0.462 0.0422 0.0388
944 - 1000 156 / 309 = 0.505 0.0547 0.0494
1000 - 1058 115 / 223 = 0.516 0.0664 0.0590
1058 - 1118 80 / 158 = 0.506 0.0798 0.0691
1118 - 1181 72 / 144 = 0.500 0.0835 0.0717
1181 - 1246 53 / 112 = 0.473 0.0933 0.0783
1246 - 1313 35 / 71 = 0.493 0.125 0.101
1313 - 1383 29 / 47 = 0.617 0.185 0.143
1383 - 1455 18 / 32 = 0.563 0.224 0.162
1455 - 1530 23 / 27 = 0.852 0.324 0.235
1530 - 1607 17 / 21 = 0.810 0.371 0.255
1607 - 1687 12 / 18 = 0.667 0.366 0.239
1687 - 1770 7 / 7 = 1.00 0.958 0.489
1770 - 1856 2 / 12 = 0.167 0.264 0.113
1856 - 1945 6 / 7 = 0.857 0.872 0.435
1945 - 2037 3 / 3 = 1.00 2.11 0.679
2037 - 2132 2 / 3 = 0.667 1.704 0.494
2132 - 2231 5 / 8 = 0.625 0.652 0.326
2231 - 2332 2 / 4 = 0.500 1.10 0.362
2332 - 2438 0 / 0 = — 0.00 0.00
2438 - 2546 1 / 1 = 1.00 10.1 0.910
2546 - 2659 0 / 4 = 0.00 0.584 0.00
2659 - 2775 1 / 1 = 1.00 10.1 0.910
2775 - 2895 0 / 2 = 0.00 1.51 0.00
2895 - 3019 1 / 0 = — 0.00 0.00
3019 - 3147 0 / 1 = 0.00 5.30 0.00
3147 - 3279 0 / 0 = — 0.00 0.00
3279 - 3416 0 / 1 = 0.00 5.30 0.00

B Alternative statistical tools
B.1 Per mass bin

The conditioning of theR distribution by the observednt somewhat complicated the null hypothesis (in the bin):
instead of simply stating the distributions the observablesNi andNo come from (namely, two Poisson distirbutions
with µi andµo), it now states the distribution of the observableR conditioned on the value observed for another
observable,Nt. This small conceptual complication immensly simplifies the mathematics since the distribution of
R without any conditioning is quite complex (discrete over all rational numbers, peaks at “pretty” numbers away
from the mean, etc.). While after conditioning bynt it reduces to a simple Binomial distribution. As expected
from the general argument of Ref. [7] above, we also found that the conditioning speeds up the calculation by at
least an order of magnitude.

We examined several techniques for quantifying the deviation ofR observed in a bin from its expectation. The most
naive is based on the confidence intervals of Fig. 2 and immitates the common “back of the envelope” approach or
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the Z statistic:

Z =
R− E

σr

(17)

P (|Z| > Z0) = 1 − (Φ (Z0) − Φ (−Z0)) , (18)

whereE andσr are the mean and standard deviation of the SM prediction for (the conditioned)R, Z0 is theZ
value corresponding to (the observed)r, Φ is the CDF of the normal distribution, and the last line givesthe one-bin
(badly approximated) probability. Whenr > E the difference between the low edge of the confidence interval and
r is taken asσr, while whenr < E the difference between the high edge of the confindence interval andr is used.
In addition to assuming the wrong distribution, and achieving asymmetrical errors using irrelevant machinery, this
approximation suffers from the conservatism of the confindence intervals.

B.2 Test statistics

The test statistics studies so far all have the feature of treating all the bins as equally useful. This is a balance
between the fact that the lowMjj bins have more statistical strength and the fact that it is more interesting to
look for new physics at highMjj . We have not yet optimized this choice, and other choices arepossible, e.g.,
weighting eachlnP (ri) entry by1 + iα. Several techniques for combining measurements sensitiveto deviations
from the null hypothesis, and considerations for choosing among them, are reviews in Ref. [12]. While no generic
recommendation is possible without a more precise definition of the type of deviations one is interested in, the
Fisher combination (i.e.α = 0) is a strong choice in almost all situations. Hence we expectonly small gains from
further optimizations.

Due to the limited experimental resolution onMjj , the generic statisticG may be combined with a runs test with
little lose of generality. Some of the tools for such a combination are in place, but we have not yet tested it fully.
Runs tests are much weaker statistically than tested that assume the base distribution, so that we expect at best only
modest gains.

We also examined a variation of theW test statistic:

W ′ =
1+N−n
max
i=1

i+n−1
∑

j=i

lnPo (rj) , (19)

where

P0 =

{

P (ri) r > E,

1 otherwise.
(20)

This yielded slightly inferior limits and will not be used.

The performance of theW ′ statistic and of

N =
∑

i

lnPN (ri) , (21)

wherePN is the naive probability from Equation 17, is shown in Fig. 15. The limits aremq∗ > 1794 GeV at 95%
C.L. fromW ′, andmq∗ > 2987 GeV at 68% C.L. fromN . TheN test statistic failed to set a 95% C.L. limit on
resonant production.

B.3 Implications of systematic uncertainties

We can also useW to set a 95% C.L. limit onΛ which is4706 GeV , but since this is not well motivated and offers
only marginal gain, we will not use this.

The large data samples at lowMjj values make possible a statistically strong and numerically small disagreement
between data and our SM model, which should be interpreted asa systematic effect. Two features of our current
procedure for the generic bump hunt make it sensitive to thispossible problem:

• the test statistics are global. So that the systematic deviation at lowMjj can hide a new physics signal at high
Mjj .
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Figure 15: Predicted distributions of theN andW ′ statistics from the SM ensembles (black solid lines) and from
ensembles for examples of beyond SM models (red broken lines).
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Figure 16: Window locations for an ensemble withmq∗ = 1750 GeV .
Warning: the location is (somewhat arbitrarily) defined as the center of the 4thMjj bin.

• we set limits directly onmq∗ .

We are examining an alternative procedure which addresses these for the search of (narrow) resonance production:

• scanmq∗ values

• for eachmq∗ value, define

Wi =

i+n−1
∑

j=i

lnP1 (rj) , (22)

wherei is the index of the first bin that theW statistic would use for thismq∗ value. Themq∗ → i mapping
will be taken from ensemble tests usingW for various masses. Early results show that the “window” chosen
by W is centered slightly abovemq∗ , but within a bin of it (see Fig. 16).

• set limits on the production cross section formq∗

This procedure is analogous to the usual bump hunt via event counts methods, where the test statistic is the number
of signal events fitted with a signal template chosen according tomq∗ . Like the earlier test statistics in this analysis,
Wi is generic in the sense of not using a particular signal modelexcept for assuming that the signal peak is narrow
(thoughWi also assumes the approximate location of this signal peak).The price in statistical strength may be
modest, since in SM dominated sample the background fluctuations can overwhelm the details of the new beyond
SM signal shape.

Another tool to be considered, which may be more relevant forthe contact interaction case, is to modify the per-
bin probabilities according to possible systematic variations. An extreme option, which may be combined with the
above, is to use only the flatness of the SM prediction and the rise inR belowΛ of the contact interactions. This
may be done by, for eachΛ, fitting R to a function of the form

r (Mjj ) = α + βH (Mjj − m0) (Mjj − m0) , (23)
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whereα andβ are the fitted parameters, andm0 is the mass where we expectR to start rising for thatΛ (based on
the MC). We can then use the fitted slope (β) and its fit error (σβ) to define the test statisticβ/σβ .

Large systematic uncertainties may also require giving up the frequentist point of view. Since when systematic
effects dominate, undercoverage is possible. In that case we will have to appeal to the statistical foundation of the
hybrid methods (coverage is a purely frequentist property), see Section 4 in Ref. [9] and references therein.
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