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Physics Sensitivity of HPS
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HPS has two primary search strategies for the A’
depending on the lifetime / kinetic mixing, or
coupling strength, (€°).
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HPS has two primary search strategies for the A’
depending on the lifetime / kinetic mixing, or
coupling strength, (€°).

HPS Prompt Resonance Search Result

For higher coupling strengths (lower lifetime), A's are
expected to decay extremely fast at the target and a
signal is expected as a “bump” in the reconstructed e*e’
invariant mass distribution (IMD).
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HPS has two primary search strategies for the A’
depending on the lifetime / kinetic mixing, or
coupling strength, (€°).

HPS Prompt Resonance Search Result

For higher coupling strengths (lower lifetime), A's are
expected to decay extremely fast at the target and a
signal is expected as a “bump” in the reconstructed e*e’
invariant mass distribution (IMD).

/ HPS Displaced Vertex Search Reach Estimate

For lower coupling strengths, A's have a longer lifetime
and the e*e” pairs are expected to be generated at
characteristic distances away from the target.

HPS 2023 Publication



https://journals.aps.org/prd/abstract/10.1103/PhysRevD.108.012015

The Bumphunters’ Chronicles
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2023

Attempts at Fitting 2016 Distribution zSpring 4B Collab Mecring]
Proof of Concept Fitting [Fall SLAC Collab Meeting]
2024

First Upper Limits* [Spring ILAB Collab Meeting]

Takurni Britt WOka on 2015 IMD [ Summer 2015 IMD Presentation]

Aidan Hsu and Tom Eichlersmith develop gaussian process
regression methodology
- Goal is to have validation of results and background characterization

- [Aidan and T] Winter SLAC Presentation]

Full RooFit Implementation /ru SLAC Collab Meeting]

2025

Blinded Analysis Technique Developed for

control region
[this presentation]

TJ and Aidan work to finalize GP application
to 100% 2015 and 10% 2016 [Next Presentation]

2025+

Complete 2016 Control Region Study
Recast 2015 and Validate with GPR
Validate 100% 2016 with GPR

2021: 1% — 10% — 100%

Discover Heavy Photon
2019: 1% — 10% — 100%

Stockholm

APEX: Data Exists, we should use it
5
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HPS 2016 Reconstructed ete Invariant Mass Distribution
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HPS 2016 Reconstructed ete Invariant Mass Distribution

Ay

Data collected during 2016
engineering run
- total integrated luminosity of 10 pb™.
- 67.2mC or ~7 billion triggered events.

Raw data from the detector and MC
simulation are cleanly reconstructed to (e*e’)
pairs with shared vertices.

Event selection methodology / figure described in full
in 2016 Physics Result as published in PRD.
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Invariant mass distribution after all
event selection cuts are applied
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https://arxiv.org/pdf/2212.10629.pdf

Prompt A’ Signal Model and Backgrounds

4000
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Primary Backgrounds
If A" exists within the acceptance of HPS, it will present
itself as a gaussian excess above background in the, IMD. radiative tridents e Bethe-Heitler tridents
o : : 'a
£ Simulated Signal e
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natural width of A' << detector resolution
observed signal width = experimental mass resolution




Prompt A' Mass Resolution in HPS
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Prompt A" Mass Resolution determined by
If A" exists within the acceptance of HPS, it will present comparing Meller scattering in MC and data.

itself as a gaussian excess above background in the, IMD.
Moller Scattering 2016 Data
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> F —— &
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Primary Analysis Technique of 2023 PRD Publication

Ar>

Published analysis used a sliding background model

centered around each mass hypothesis
fit window width determined by mass resolution
shape use 3rd or Sth order Legendre polynomials
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dN/dm [1/0.5 MeV]
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Primary Analysis Technique of 2023 PRD Publication

Ay

Published analysis used a sliding background model
- centered around each mass hypothesis

- fit window width determined by mass resolution
- shape use 3rd or Sth order Legendre polynomials

105N (Me+— £)

Background Model PDF Contribution

Flexibility of background model chosen to minimize
signal yield bias comes at cost to signal sensitivity.
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dN/dm [1/0.5 MeV]
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Changing the Background Model
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¢* Upper Limit Published Result
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Flexibility of background model chosen to minimize
signal yield bias comes at cost to signal sensitivity.
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Changing the Background Model
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Motivation
Based on the statistical uncertainty only limit, there is
roughly an order-of-magnitude improvement in sensitivity

tn

¢* Upper Limit Published Result

possible for the background model. W s
U =
- Observed Limit
10°
Ly (Mgt o |t) :
e € i ) EDataset
g e o o) LAMITO
10° & Sratistic?
Background Model PDF Contribution B
§ /
a0 e 80 0] 120 10 160 180
R T e e . my (MeV)
Flexibility of background model chosen to minimize

signal yield bias comes at cost to signal sensitivity.

Optimistic VN limit on potential signal sensitivity

ina sliding two-sigma mass window.
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Looking for a Global Background Model

®
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The general strategy for finding functions to fit
the IMD is by modeling the broader scale
features of the distribution.

The shape of the IMD is complicated by the
complex geometric acceptance of the SVT and
high statistics of background.

Invariant Masses Below IMD Peak
Fit with monotonically increasing functions.
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2016 Invariant Mass Distribution
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Invariant Masses Above IMD Peak
Fit with monotonically decreasing functions.
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Looking for a Global Background Model
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The general strategy for finding functions to fit
the IMD is by modeling the broader scale
features of the distribution.

The shape of the IMD is complicated by the
complex geometric acceptance of the SVT and
high statistics of background.

Candidate Background Model Functional Form

Forg = (Eri - FF;)

1

dN/dm [1 /0.5 MeV]

70000

60000

50000

40000

30000

20000

10000

tn

2016 Invariant Mass Distribution
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Looking for a Global Background Model

o«=1 AR

T NS
The general strategy for finding functions to fit Candidate Background Function Fit over 100% 2016 IMD HPS Preliminary
the IMD is by modeling the broader scale 60000 — /" \ Fit Disol

oo o000 - it Display
features of the distribution. 4 T : :
0 = 0.04 0.06 0.08 0.1 0.12 0.:14 0.;6 .

The shape of the IMD is complicated by the Residual Distribution
complex geometric acceptance of the SVT and ’ i 100 I
high statistics of background.
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Candidate Background Model Functional Form :
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Complication of Global Fitting: The Wiggles R
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Example global background
model fit over the IMD and
corresponding residual

Challenges to fitting 100% are the existence of global scale fluctuations
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Development of Global Background Model Analysis

tn

131 functions of varying complexity tested on 2016 dataset.
- Lowest chi2 fits chosen to run through analysis chain.
- Candidate functions tested with different parameters

floating and fixed to develop blinding procedure

Fog = > (Eri - FF,)

.

1
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Development of Global Background Model Analysis

131 functions of varying complexity tested on 2016 dataset.
- Lowest chi2 fits chosen to run through analysis chain.
- Candidate functions tested with different parameters

floating and fixed to develop blinding procedure

Fog = > (Eri - FF,)

.

1

Asymptotic Likelihood Test and Iterative CLs Scan Performed

CL(W) =2~ CL(N%) =005

The &> upper limit is found with the signal yield upper limit, radiative fraction

of events, and estimated background of events.
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Development of Global Background Model Analysis

131 functions of varying complexity tested on 2016 dataset.

- Lowest chi2 fits chosen to run through analysis chain. % ;
- Candidate functions tested with different parameters Nm i PRD Observed Limit
floating and fixed to develop blinding procedure =Nl oA A AN MY s
Floating Shape P20 S I A T A Y A U G WY [ S
Fokg = E (EI}; - FFZ) SRR A WA VY S W
i Fixed Shape «-..evvennns ] . \X}(ﬁ\\‘
SO
S‘gﬂ\
(MeV
1078 .1..|...1...|...|...|m.A(.?|).
Asymptotic Likelihood Test and Iterative CLs Scan Performed 40 60 80 100 120 140 160 180
Du " *unblinded
= P\ __
CLy(p) = -7 CL,(N,2) = 0.05. -
2 . . . .. .. . 2 QOAN sig
The €” upper limit is found with the signal yield upper limit, radiative fraction € = IV
bkg
of events, and estimated background of events. 3mm s f rad 20

¢ Upper Limit Comparison*




Blinded Analysis Flow
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Functional Form Tests

Filter by x> probability threshold.

100% Background Fit

Use 100% parameterization to
generate MC Toy distributions. Using Data CLs

Observed Upper Limits

10% Background Fit 100% BKG + SIG_Float

Signal normalization floats to Usin g Toys CLs
best fit value. Uncertainty Bands

Use 10% parameterization for initial
seeds and covariance matrix for

multivariate constraint. Observed upper limits and

100% BKG + SIG_ Fix uncertainties combine to

form final result.

Scan over range of fixed signal

normalization values.
21



Importance of a Control Region

If extracting signal significance from fits, expect too significant result < 60 MeV
- Moving to “Control Region” - [60, 180] MeV

Breakdown of in-progress work on Control Region

- 10% Function Selection — CHECK
- 100% BKG Only Fits (data) — CHECK
- 100% BKG + Sig Floating — CHECK

\

Generate Upper limit
- CLs SCAN on Data Complete
- Observed Upper Limit on Signal Yield Computed, coupling to be complete soon

\

Generate Toys — in progress
- Generate Bands from toy CLs Scan

22



Blinding Procedure: Random 10% of 2016 Dataset

10% Background Only Hypothesis 5 00
w

o >100 functions created and tested é 0.0008
o Store parameters and covariance matrices for each function. 3

o Topx* probabilities selects candidate functions. 0.0006

Candidate Background Model Functional Form 0.0004

‘Fbkg — E (EI‘Z . FFZ) 0.0002

? 0

Normalized 2016 Invariant Mass Distributions

10% Data

— 100% Data

0.2 0.25 0.3
Mass [GeV]
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10% Function Selection in Control Region

el Ay
) B 00

Top 20 Chi2 Probabilities

Fit on range: [60, 180] MeV

==X
32°3

Notable functions differ from
previous results of best fit. sz el

£23838TTT
G
&
n

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Chi2 Probability

Note: 20 iteration limit on Lowest 20 Chi2 Values

dynamic parameter seed
selection.
Can improve and likely will

0 500 1000 1500 2000

once full analysis framework
completed. 5



Blinding Procedure: 100% of 2016 Dataset

Normalized 2016 Invariant Mass Distributions

100% Background Only Hypothesis § o 10% Data
w L
o Use 10% Fit Parameters as initial seeds é 0.0008|— — oS

o Constrained by multivariate gaussian using 10% covariance matrix. g B

0.0006

Candidate Background Model Functional Form 0.0004|—

‘Fbkg — E (EI‘Z . FFZ) 0.0002 —

Z‘ 0 B oo L
0 0.2 0.5 0.3
Mass [GeV]
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Blinding Procedure: 100% of 2016 Dataset

100% Background Only Hypothesis

o Use 10% Fit Parameters as initial seeds

o Constrained by multivariate gaussian using 10% covariance matrix.

Candidate Background Model Functional Form

Foig = Y (Eri - FF)

(/

100% Background + Signal Model (Signal Yield Floating)

o Float Background shape within constraint, Normalization floats
o Finds most probable signal value, error on Signal Yield stored

100% Background + Signal Model (Signal Yield Fixed)

o Iterative fixed signal strength CLs scan to find 95% upper limit
on signal yield and corresponding coupling.

Normalized Events

el Ay
ad e W0

Normalized 2016 Invariant Mass Distributions

0.001—

L 10% Data

B — 100% Data
0.0008 —
0.0006 —
0.0004 —
0.0002 —

0 B ol e e g
0 0.05 0.1 0.15 0.2 0.25 0.3
Mass [GeV]

BKG+SIG Model Functional Form

Fral = Cpkg Fokg + Csig Fsig

C’bkg -

M bkg
Nikg + Nsig

Nsig
Nikg + Nsig
26
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Control Region Fits

1 AL
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New Display Tools
s residual
5 (bkg_only)
§ residual
) (F 1111_94)
§ b3 standardized
gg residual
.90
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Current CLs Algorithm to Find Upper Limit
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Old Al b New Algorithm and Approach
gor 1thm Fixed Signal Strength Interpolation Scan
- Course Scan ~1500 Event Intervals until ~65000 Events
SLEES = ) - If CLs drops below 0.03, start fine scan in reverse
N . T - stop fine scan at CLs of 0.1
result->setupperLimit (mi9sup); - Stores CLs / Signal Strength pair for Cubic Spline Interpolation
result->setUpperLimitPValue(CLs);
break;
xl;lse if(CLs <= le-10) { mu9Sup = mu95up*0.1; } Clsvs Signal Strength

else if(CLs <= le-8) { mu95up = mu95up*0.5; }

else if(CLs <= le-4) { mu95up = mu95up*0.8; } g 0245
1se if(CLs <= 0.01) { mu95up = mu95up*0.9; } o F :
:122 it(CL: <= 0.04) { :3953§ = :3953;0.99; } 0.22 E 75 MCV Mass HypOthCSIS
else if(CLs <= 0.049) { mu95up = mu95up+*0.999; } 02—
else if(CLs <= 0.1) { mu95up = mu95up*1.01; } -
else { mu95up = mu95up*1.1; } 0_13}
0.165—
Issues: 014
. . 012
- runaway signal yield 01f-
. . 0.08 —
- tming out 008 CLs = 0.05
0.04 | —
- notexactly 0.05 E
E.HIHHMH I N B L L

| | | IR e s
1000 1500 2000 2500 3000 3500 4000 4500 5000
Signal Strength 28



Observed Upper Limits with Fixed Background Model
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i 2023 PRD Result W 2023 PRD Observed
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Scanning Entire Range for Signal Yield (non-control region)

el Ay
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Signal Yield Scan Compilation (bkg model fixed)

200— i il

[ | 1IN il

signal yield events L i , i

shaly L z different mass hypotheses i
(N per 50 KCV) 150 —
100— |
50—
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m, (GeV) 31



Individual Pl‘OjCCtiOIlS of Signal Yield: Non Zero Projected Yield
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. Lb foNe)
3 ® 32“’ 2016 Observed Upper Limit
Z 10* & 2023 PRD Observed
10* £
10° £ ’
- 10° F
, | L
10; 1027|||||||11|||||1||||11|||||||
B o ey b b b by by 60 80 1 00 1 20 140 1 60 1 80

60 80 100 120 140 160 180

e (MeV) m, (MeV)

Note: bug in upper limit on £* code atm, will fix when

working through limit bands on &° 33



Differences from previous model fully

ﬁxed Shape): : different mass hypotheses :::::,
 “bumns” are of lower sionif - il
umps> are of lower significance /
102 =
- “bump” at 120 MeV has half - \ —
observed yield of floating similar to E
fixed signal yield events | _
(N per S0KeV) 10 ] KN
- new “bump” at 80 MeV - / // |
Note: bugs found re: roofit memory issues L A
b E | 1 1 5 1ofiiy f; i 1‘ ii li 1 i i "/ L1} L
and full range (< 60) hasn t been ﬁt l l0.(l)6 I\0.58 0%1 v 0.!12 ‘ 0.]14 0.116 0.18

background events decreasing —
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Toys




Visual Representation of Toy Experiment

=g bhResSys_m100w7p3.root
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|44 h_Minv_General_Final_1;1 invariant_mass_0
- % |fit_toys;1
|44 invariant_mass_0;1 L invariant_mass_0
2 3 2 A B Entries 1.43425e+07
Lk invariant_mass_1;1 40000 — Mean 0.09679
[— - Std Dev 0.008088
70000 — 35000|—
60000 — 30000 (—
- 25000|—
50000 — -
: 20000{—
40000 — -
— 15000 —
30000 (— -
: 10000 L 1 1
20000 |—
10000 —
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Visual Representation of Toy Experiment
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=g bhResSys_m100w7p3.root

70000

60000

50000

40000

30000

20000

10000

o

|44 h_Minv_General_Final_1;1

& |fit_toys;1
|4 invariant_mass_0;1
|4 invariant_mass_1;1
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invariant_mass_0

42500

42000

41500

41000

40500

|IIII||III|IIII|IIII|IIII

40000

invariant_m
Entries 1.4
Mean
Std Dev 0

L —

Populated toy experiment
statistics distributed randomly
with total events equaling total
events from data in the same
region

Toy Experiment distribution fit

1000 times with bkg, bkg-+signal
and upper limit statistical tests
generate limit bands.

P S S T S L
0.0866 0.0868 0.087 0.0872

© II]]II|||||II||||||||||||||II|III||||
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Status of Making Toys

Generated toys last week!
- non-trivial with RooFit
- hpstr/BumpHunter integration
- used wrong parameterization...

- should scale up extremely soon

(next week)

tn

®
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Generating 2 Toys

Signal Injection :: 0
Signal Shape Gaussian
Background Multiplier :: 1

[Init] bins: 2421, window: [0.06, 0.181], mass hypo: 0.095
[INFO] Initializing RooFit PDF normalization...

Generating Toy O

[Debug] bins = 2421, window start = 0.06, window end =
[#1] INFO:NumericIntegration --
RooRealIntegral::init (las3pluslas6 toy model Int([x]) using
numeric integrator RoolIntegratorlD to calculate Int (x)

[#1] INFO:NumericIntegration --
RooReallIntegral::init (las3pluslas6 toy model Int([x]) using
numeric integrator RoolIntegratorlD to calculate Int (x)
[Debug] bins = 2421, window start = 0.06, window end =
[#1] INFO:NumericIntegration --
RooRealIntegral::init (las3pluslas6 toy model Int([x]) using
numeric integrator RoolIntegratorlD to calculate Int (x)

[#1] INFO:NumericIntegration --
RooReallIntegral::init (las3pluslas6 toy model Int([x]) using
numeric integrator RoolIntegratorlD to calculate Int (x)
Fitting Toy O

0.181

0.181
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Conclusions and Moving Forward

o1 AL

P e M\

Successtully developed competitive blinded analysis technique for setting upper
limits.

Once limit bands are generated
— Full Proof of Concept Analysis Chain Complete
— Shift to top performing control region function
— Move on

Getting caught up to speed on preselection studies / 2021 IMD production for
bump hunting scaffolding.

T] and Aidan will work with me this summer. Go team bump hunters!
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Bonus Slides

ol AL

Py A

I. Functional Form Global Fit of 2015 Dataset
A. Corresponding 2015 Upper Limits
II. Additional Use Case: APEX
III. Detailed Upper Limit Calculation
IV. Gaussian Process Bonus Slides

V. Look Elsewhere Effect
VI. Freeze out Thermal Relics
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Functional Form Global Background Fit of 2015

e AL
L4 T g \
HPS Preliminary
From T]J Britt’s Summer Project o= :ijm».
- parameters stored for use in wol—
bkg+signal model o 004 ~ :::.MD o8 e
- chi2 probability = 0.81 =
° 2 p ;Z bl ﬂf\l ‘lI W) M ~| u‘llﬁ’/]l‘ XP | Mﬁﬁ‘ ﬂ ‘Wﬁm‘whrfﬁn#w»;ﬁr%#/wwmlw,wmw%,VMM,
- chi2/dof = 0.97 = = W MM‘ | ‘\ IIW | i W d

?EE_HPS Preliminary ] g’% W\WWWMMW i

I||||II|III||I|||Il|||||||||l|||

[ L R




Corresponding 2015 Upper limits and pvalues

el AL
kNS
Signal Yield Upper Limit
3 ¢> Upper Limit
e i
St
Z r 10~ e
10° = o - E -
e 10°
80 100 -
Ziuinvnwaal
g L . | | | L | . . | | | | . | . . . |
10— 20 40 60 80 100
IRV
> C
o 0 7
‘*_‘ 1¢2§
g - i local 3.54 0
: U / *Global pvalues to be calculated when bumphunter rewritten. 42




Additional Use Case: APEX

APEX, a JLAB fixed target experiment, has

nearly identical resonance search methodology to

I1DC

APEX Blinded 10% e*e IMD

APEX @ JLAB N
Electron, P = E0/2 . _i\\

Beam

itron, P = E0/2 \/;
Posil ,P= ////

high resolution
spectrometers

160
1401 /
120

100[— /

) / \\
3 .

o \
c:“J H‘\Hm‘m”\\um

x10°

\ :
012 014 016 0.18 02 022 024
Mg (GeV/c?)

Only 10% of 2019 dataset has

been analyzed.

APEX: A Search for Dark Photons in Hall A

Williamson, John Thomas Austin (2022) APEX (A’ Experiment): The search for

a dark photon at Jefferson Lab. PhD thesis.

10°

My (MeV/c?)

and publish a result.

APEX is an opportunity to leverage HPS analysis techniques,

improve physics sensitivity in well motivated parameter space,
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https://indico.cern.ch/event/507783/contributions/2151352/attachments/1265735/1873560/APEX_2016_Wojtsekhowski.pdf
https://theses.gla.ac.uk/83215/2/2022WilliamsonPhD.pdf
https://theses.gla.ac.uk/83215/2/2022WilliamsonPhD.pdf

Determining Upper Limits for each Mass Hypothesis

Method: Asymptotic Likelihood Test

Constructing a Test Statistic

¢” Upper Limit Proof of Concept*

Negative Signal Case  Positive Signal Case . )\( ) - 10 - HPS Preliminary
— n =
_ Lw) _ £(po) G = St o f
£(0) L() +2InA(p) A>p ot 2016Resule [\ ) X/
Background Model Probability Signal Model Probability W |
= - =5 L. N NN X A g N e e
®(—y/~Gu — 1/0) G <0 1—®(—y/=G) Gu<0 107
Py = ®(/4u — p/0) 0<qu<p/o? | pu=11— (/) 0< g, <p?/o’ -
Gu—p?/o? 2/ 9 ~ Gu+u2/o? ~ A W 2 W Ve Ny
e(*5m ) wofo® < gy 1-o(%g57) W/ < I Swt\su ca
Iteratively done to find maximum fixed signal yield necessary to hit target B m, (MeV)
Conﬁdence ICVCI threshold (CLS scan on next slide). 10 4|o ‘ 6‘0 - 86 — I10|0I I I-1é0I I I14‘_0‘ ‘ ‘1é0' I I18|oI
p Uu *unblinded
CL(x) = 72 CL,(N%) =005
— Db
5 2 _ 2a.N. ;g
The €” upper limit is found with the signal yield upper limit, radiative fraction € = IV
bkg
of events, and estimated background of events. 3T A1 f rad 44




Small Infrastructure Change

- Functional Form Switch

- 1 of the three functions I have integrated fully into BumpHunter is

a top 5 10% 2016 function based on recent study. Will create a
switch to allow easier switch between each of the functional forms

and create pertinent upper limits for easy comparison
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Understanding Gaussian Process Regression

A 7>

Collaborative effort with Tom Eichlersmith (Minnesota, PhD),
Aidan Hsu (Stanford Undergraduate), Takumi Britt (High School).

What is Gaussian Process Regression (GPR)?

- Aflexible, non-parametric Bayesian approach that models
distributions over functions.

- Unlike traditional regression, GPR does not assume a fixed
set of parameters—it learns a distribution of possible
functions.

- Built-in uncertainty quantification makes it ideal for noisy

and complex datasets.

Output (f(X))

15

1.0

0.5

0.0

-0.5

-1.0

tn

1
e AN

Gaussian Process Regression Example

=== True Function
X Observed Data
—— GP Mean Prediction
——— 95% Confidence Interval

0.0 0.2 0.4 0.6 0.8 1.0
Input (X)

The kernel function (covariance function) governs how
data points interact and influence one another.

The choice of kernel shapes the model’s smoothness,
flexibility, and generalization ability, making it crucial for
capturing underlying data patterns.

46




Application of GPR to HPS Datasets

The GP model provides a strong fit to the datasets with well-defined

uncertainty estimates.

Preliminary Upper Limits determined to be competitive with functional

form fitting.

Kernel Choices:
WhiteNoise - models broad
noise

RBF Kernel - models local
correlations

Upper Limit

103 4

10! 4

10% Signal Yield Upper Limit

HPS Preliminary

0.04

0.10 0.12 0.14

Mass

0.06 0.08

Event Yield

4000

2000/

Data / Fit

(Data - Fit)/o

'
[¢)]

6000

—_

[¢)]

N O

o

of

1 AR
[EEY i \

tn

2016 10%
\‘NhiteNoiseLRBF’DotPIroduc! ]
GP with 95% ClI
x?=2.76e+03
P, =0.982
Signal Injected: 0 |
—— Observed Data

HPS Preliminary

0.04

Ll
0.06

Ll
0.08

~0.10

012 o016
Mass / GeV
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Application of GPR to HPS Datasets

ol A
) B 00
HPS Preliminar ..
y 2015 100% HPS Preliminary 2016 10%
E [T 1 T T =1 ' ' T ] E R L L L AL AN
.© 40000 § WhiteNoise+RBF*DotProduct o WhiteNoise+RBF*DotProduct
> i GP with 95% Cl > s000k- GP with 95% ClI
5 aoo00f- | X?=2.02e+03 & 5000 X2 =2.76e+03
Lﬁ |/ Py2=0.883 1 L1>J I P.Xz = 0.95.32 i
- \ Signal Injected: 0 - 4000}~ Signal Injected: 0 |
20000f ’,/ \ —+ Observed Data I —f— Observed Data
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' |
10000}/ J 2000?;/
[/ /
o | | ‘ | oL, . . .. | I | [
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[T | w [ i
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: £ - —
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Local p-values and the Look Elsewhere Effect

tn

1 AR
R AN

Each mass hypothesis has a representative background fit as determined by the 2016 fit selection.

- corresponding y* probabilities are “local” to the fit window

- global pvalues must be determined and take into account statistical fluctuations expected

when searching multiple independent regions

The Look-Elsewhere Effect defines global p-values as being proportional to the number of

independent regions:

_ *
p global_ p local Nregions

where N =W

regions

total search
window size

average mass
resolution

In2016, N . ~32
. reglons .
implying a sufficiently
independent search region

on average every ~4.4 MeV
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Freeze Out Thermal Relic Dark Matter Models

(ol B ¥~
) B 00
oot —y \/- R _\ Relic Density Set by <o, v>
0001 )
00001 1 X
107° j
> 10°F _ 1 DM SM
= 0k Increasing <o,v> .
5 lO"r -; _
A - X )
A 10-° N == e e e == :g
8 100 b ‘\1 N /
E 101 | . N
tu 00 =
g g ¢ 3 | — Observed DM abundance can correspond
O 107 /] . .. .
E 1o« | : to different number densities depending on
3 L .. el
© o | 3 the characteristic mass and annihilation
107 E cross section.
10rs | :
10-1
. S . Model Dependent
1 100 1000 2
. m
x=m/T (time -) QX X <O"U> ov X EQCYD 4
my,

Kolb and Turner. The Early Universe (ISBN: 978-0201626742). Colored by Adam Green.




