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Background




Neutrinos Q-—@Q@

Neutral charge + very small mass \ /
Difficult to detect although incredibly abundant »
Three known flavors: electron, muon, tau @
Oscillations — changing flavors as they travel
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Neutrinos @ @

Neutral charge + very small mass
Difficult to detect although incredibly abundant ke

Three known flavors: electron, muon, tau @
Oscillations — changing flavors as they travel

Thickness = 1 Lightyear

'vX 1 O 14 Per Second

Probability of Interactlon = 50%
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Oscillation Anomaly - MiniBooNE

MiniBooNE Detector

2= Fermilab

MiniBooNE built to study the
newly discovered phenomenon of
neutrino oscillations
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Oscillation Anomaly - MiniBooNE

MiniBooNE Detector
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Ambiguous Event Display

Electromagnetic (EM) showers

Cherenkov detector is
unable to distinguish between
electron and photon events



The Birth of MicroBooNE

MiniBooNE

ooooo

1.2 14

3.0
E* (GeV)

https://arxiv.org/pdf/2006.16883

4.80 excess of low-energy
EM shower events called the
“Low-Energy Excess” (LEE)
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https://arxiv.org/pdf/2006.16883

The Birth of MicroBooNE

MiniBooNE MicroBooNE
IO BT rT Liquid Argon Time Projection
SE Chamber (LArTPC)...

= Charge and light readout
allows us to distinguish EM
shower sources

0.6 0.8 1.2

Y 3.0
E* (GeV)

https://arxiv.org/pdf/2006.16883

Motivates

4.80 excess of low-energy
EM shower events called the
“Low-Energy Excess” (LEE)

Proton

Candidate

Background | 4


https://arxiv.org/pdf/2006.16883

Background | 5

Single Photon Search Thus Far

e Hear June’s talk about electrons!
e Major constraints on Neutral Current (NC) A radiative events
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Single Photon Search Thus Far

e Electron events are probably not the cause
e Major constraints on Neutral Current (NC) A radiative events
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Single Photon Search Thus Far

e Electron events are probably not the cause
e Major constraints on Neutral Current (NC) A radiative events

Need to
understand
backgrounds
like NCx*
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sensitivity to
other event
types like NC
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What happens when a neutrino hits Argon?
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What happens when a neutrino hits Argon?

18 m MicroBooNE Simulation
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What happens when a neutrino hits Argon?

Run 3472 Event 3172, October 22°%, 2015
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What happens when a neutrino hits Argon?

A Lot Can Happen!

Selecting the right events
and understanding the
systematics that affect

them are crucial
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Tools




BAGELS




BAGELS

(Broad Array of General ELectromagnetic Showers)
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e Machine learning framework for classifying electromagnetic-shower events
e Combines information from multiple reconstruction frameworks
e Uses information to train BDT
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Boosted Decision Trees (BDTS)

e Machine learning algorithm that
classifies events into signal and
background
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Boosted Decision Trees (BDTs)

e Machine learning algorithm that
classifies events into signal and
background

e A series of cuts differentiates
events by the patterns they
contain

Tools | 8

Reconstructed
Event




Boosted Decision Trees (BDTS)

Machine learning algorithm that
classifies events into signal and
background

A series of cuts differentiates
events by the patterns they
contain

Next tree is designed to correct
errors in previous

Assigns a probability score to each
event based on how confident it is
that the event is signal
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Reconstructed
Event

Potentially
NC
Coherent
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Not NC
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yes

Not NC
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Robust best fits with physics and
nuisance parameters

CAR\ )
SN

Draw physics conclusions from
complex simulation and detector
data

—V

PROfit

Allows for direct study of
parameters via manual injection
into the model

Tools | 9

Control which topologies are
signal, background, or omitted
from a study

Github:
https://github.com/markrosslonergan/Elephant Vanishes
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Robust best fits with physics and
nuisance parameters

CAR\ )
SN

Draw physics conclusions from
complex simulation and detector
data

—V

PROfit

Allows for direct study of
parameters via manual injection
into the model
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An Aside on Understanding Fits
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An Aside on Understanding Fits

nu uBooNE 1gNp
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An Aside on Understanding Fits

nu uBooNE 1gNp

- PROfit v2.3.0
Central value ljij 900;— ----- CV Predictions 1o % Best Fit = 1o (post-fit)
(CV) prediction 800 —e— Data: 1.00x1G' POT 2/nbins = 5.327855/8
is the models 7°°;!.
HPR 600 f—
rediction Z Z
p 500;‘— %
4003—‘
= R e
2005—
1005— .
N Either fake data or real
i 11E 7 observation (assume
B OB K 7 77777 7777 ,/,/////’///, ( :
W 2 % fake for these studies
8OO —300 200 600 800 1000 1200 1400 1600 1800 _ 2000 unless expl|C|tly stated
Reconstructed Neutrino Energy [MeV] Oth erWi S e)

Tools | 10



An Aside on Understanding Fits

Central value

(CV) prediction

is the models
prediction

Events

900

800

nu uBooNE 1gNp

Best fit is the

closest the model

can come to

reproducing the
data by varying
its parameters

Tools | 10
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An Aside on Understanding Fits

nu uBooNE 1gNp

- PROfit v2.3.0
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Background Studies




Understanding the Biggest Background: Neutral Current z°

What is NCx°?
vM+Ar—>vM+Ar'+n°+X
7oyt

X = protons and neutrons
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Understanding the Biggest Background: Neutral Current z°

What is NCx°?

v +Ar > v +Ar' + 7%+ X
u u

Outside Detector

Inside Detector
7’ — Yty

X = protons and neutrons

NCn° event with no protons

If one shower escapes the
detector, the event mimics
a single photon event
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Understanding the Biggest Background: Neutral Current z°
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Motivated by previously observed

deficit, we asked, “Can an isolated
If one shower escapes the 209% NC17°Np deficit be explained
detector, the event mimics by systematics?”

a single photon event (Np = > 1 proton)
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https://arxiv.org/pdf/2205.07943

Can a 20% NC1x°Np Deficit Be Explained by Systematics?

e Analysis contained to these four channels/topologies

o Y e Manually inject a 20% deficit into NC12z°Np (also called 2yNp) to
\3 ' identify systematic pulls reproducing this configuration

;’N”/éi‘-‘ 2p__e e
S L Dwe

Background Studies | 12



Can a 20% NC1x°Np Deficit Be Explained by Systematics?

e Analysis contained to these four channels/topologies
" e Manually inject a 20% deficit into NC12°Np (also called 2yNp) to
TS TS identify systematic pulls reproducing this configuration
R | B e The figure below showcases the systematics PROfit was allowed
A e, to vary and inject to minimize yx?
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

/ 1yNp 1y0p

Analysis contained to these four channels/topologies

Manually inject a 20% deficit into NC12°Np (also called 2yNp) to
identify systematic pulls reproducing this configuration

The figure below showcases the systematics PROfit was allowed
to vary and inject to minimize x?

Selected most pulled systematics, denoted by red outline
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

e 20% deficit removed

e Best fits rerun with
important systematics
injected at -3¢ and 3¢ to
test extremes
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

e 20% deficit removed

e Best fits rerun with
important systematics
injected at -36 and 3o to
test extremes

e For each bin, the best fit

shift from the CV was
calculated

Background Studies | 13



Can a 20% NC1x°Np Deficit Be Explained by Systematics?

e 20% deficit removed

e Best fits rerun with
important systematics
injected at -36 and 3o to
test extremes

e For each bin, the best fit ,
. nu uBooNE NC1piONp PROV50
shift from the CV was ———rone
----- CV Predictions 1o % Best Fit+ 1o (post-fit)
calculated

H’IIHlII\

—e— Data: 1.00x10°' POT ¥2/nbins = 5.327855/8

e Here is a histogram for
one of the tests
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

Not isolated!

Background Studies | 13

Events

Data/Best-Fit
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

Target Injection Response

30

- 10

nt shift from CV

Percel

- -10

Injected systematics

=20

' . -30
Bins
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

Responses from Injected Systematics

30
4 126% -62% | -2.3% 1.1% -6.3% -2.6%
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

Responses from Injected Systematics e Only one systematic can produce

N deficits of the desired magnitude,
but it is not isolated in the

» NC17°Np channel
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Can a 20% NC1x°Np Deficit Be Explained by Systematics?

Responses from Injected Systematics e Only one systematic can produce
2o gencett gl oo o | deficits of the desired magnitude,
but it is not isolated in the
» NC17z°Np channel

FrCEx_pi-30 4 -5.9% -7.4% -1.4% -1.3% -1.3% -1.5% -3.8% -4.3%

FrCEx_pi +30 4 +7.1% +7.6% +1.9% +1.7% | +102% +103%  +53% +5.8%
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restriction studies indicates:
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o
Percent shift from CV

The 20% NC1x°Np deficit can
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Fit or injected systematic variation
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Best fit values 12.7¢ 9
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| Signal Sensitivity Study




NC Coherent 1y

What is it?
e Very rare Standard Model
process
e Sub-dominant source of single

photons
I/‘u Vu

4()Ar 4OA1‘
v+ PAr — v +PAr+yp
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NC Coherent 1y

What is it? Goal
e Very rare Standard Model  Find analysis configuration to become as sensitive
process to NC Coherent 1y events as possible
e Sub-dominant source of single
photons
Vi Vi
Z 0
4()Ar 4()Ar

v +Ar - v + PAr + o
U U
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NC Coherent 1y

What is it? Goal
e \Very rare Standard Model  Find analysis configuration to become as sensitive
process to NC Coherent 1y events as possible
e Sub-dominant source of single
photons
Vi m
Obstacle
y N e Lots of binning variables to test
e Many ways to bin
e Lots of sideband combinations
40Ar 40Ar
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How to determine sensitivity?

Remember me?

= = ) )
n 2 — [:] Pre-fit +1o (prior)
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How to determine sensitivity?

How about now?

;: 2= I:] Pre-fit +10 (prior)
Il

o) 15 B Postit =10 (McMC)
—_

8 1 I Profile scanz1o
& o Global best-fit
[0} 0.5

2 - Injected values
g 0

o)

-oqE-s -0.5

I -1

L

©

o
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How to determine sensitivity?

Template fit parameter!

[:] Pre-fit +1o (prior)
- Post-fit +1o (MCMC)

I Profile scanz1o
o Global best-fit

¢+ Injected values

Parameter value (prior o = 1)

PROfit can inject different scale factors for the number of NC
Coherent 1g events while holding other parameters constant to

see how y? reacts
Signal Study | 16 Wz




How to determine sensitivity?

Sensitivity Curve Comparison

—— Example analysis configurations

Excess template scale above CV

Signal Study | 17

This is the sensitivity curve plot with
three different analysis configurations:



20 1

15

Ax?

10

How to determine sensitivity?

Sensitivity Curve Comparison

—— Example analysis configurations

b o o " -

Excess template scale above CV

Signal Study | 17

This is the sensitivity curve plot with
three different analysis configurations:

e The pink configuration beats the
yellow and blue (steeper is better)



How to determine sensitivity?

Sensitivity Curve Comparison

—— Example analysis configurations

This is the sensitivity curve plot with
o three different analysis configurations:
e The pink configuration beats the

151 yellow and blue (steeper is better)

Ax?

S S S A——————_ 1 e Ex: The pink analysis can

distinguish an excess of ~7x the CV
predicted rate of NC Coherent 1y
events at > 99% confidence level

Excess template scale above CV

Signal Study | 17



How to determine sensitivity?

Sensitivity Curve Comparison

- Example analysis configurations

nu uBooNE 1g0p

PROit v2.3.0
[ pred bkg [TNC coherent 1g
B dirt [ ext

----- CV Prediction

Events/unit

1000 2000 3000 4000 5000 6000 7000
wc_kine_reco_Enu

0 2 a 6 8 10
Excess template scale above CV

Signal Study | 17

Histogram for the yellow curve

To improve sensitivity, we want binning
regions that maximize signal (pink above)
to background ratio (non-pink).




How to determine sensitivity?

ege o . nu UBOONE 1gop PROfit v2.3.0
Sensitivity Curve Comparison : B 5753 kG B NG coFor TG
— g 25— Bl dirt I ext
—— Example analysis configurations g F ----- CV Prediction
- i
1.5_
1
0.5
0 1000 20L00 30100 40100 SOJOO 60JOO
wc_kine_reco_Enu
Histogram for the pink curve
Same binning variable with more bins

Excess template scale above CV

Bins that distinguish signal from background

Signal Study | 17 V



How to determine sensitivity?

nu uBooNE 1g0p

PROfit v2.3.0
[ pred bkg [TNC coherent 1g
B dirt I ext

----- CV Prediction

Sensitivity Curve Comparison

- Example analysis configurations

50

Events/unit

2 3
pandora_trk_phi

Histogram for the blue curve

Same bins with new binning variable

R No distinguishing power; underperforms single bin

because configuration only adds statistical noise

Signal Study | 17 x




NC Coherent 1y: Binning Variables

Sensitivity Curve Comparison

40

== best variable
the other 238 tested variables

e Binning controlled each run

e If only there was a way to
capitalize on information from
all of these variables...

Excess template scale above CV
Signal Study | 18



NC Coherent 1y: Binning Variables
e BAGELS BDT! PR Sensitivity Curve Comparison

= best variable
351 —— other 19 BDT variables
the other 238 tested reconstruction variables

e BDT variables 5
outperform single 251
variables on average .o

e But BAGELS does o =
not select for NC | ' = —
Coherent 1y... = T

Excess template scale above CV
Signal Study | 18



NC Coherent 1y: Binning Variables

Sensitivity Curve Comparison
40 ;

== best BDT variable
== best variable

°f 35 1 === NC Coherent 1y specific BDT v1
. S peC I fl Ca l ly —— other 19 BDT variables
o the other 238 tested reconstruction variables
30 A
designed BDT!

25 1

o

e But who says this x>
BDT is optimized 15
itself... 10/

Excess template scale above CV

Signal Study | 18



NC Coherent 1y: Binning Variables

Sensitivity Curve Comparison

40
== best BDT variable
== best variable
® Hyperpa ra meter 354 —— NC Coherent 1y specific BDT v1
=== NC Coherent 1y specific BDT v2
tu n ed B DT i — other 19 BDT variables
the other 238 tested variables

o Try different 25
criteria for BDT T
and see which
works best

15

10

Excess template scale above CV

Signal Study | 18



NC Coherent 1y: Binning and Sidebands Optimization

Choosing Bin Edges
e Previous runs sorted into eight bins
with equal events
e Optimized by testing multiple binning
algorithms
e Imposed minimum of 10 events per bin
to avoid:

Signal Study | 19



NC Coherent 1y: Binning and Sidebands Optimization

Choosing Bin Edges
e Previous runs sorted into eight bins
with equal events
e Optimized by testing multiple binning

algorithms
e Imposed minimum of 10 events per bin
to avoid:
nu uBooNE 1g0p
PROfit v2.3.0
3 [ pred bkg [ NC coherent 1g
§ 1400 I dirt I ext
o =1 s CV Prediction+ 1 —e— Data: 1.00x1G' POT
1200 x2/ndf = 0.00/316
1000
800
600
400
200
S -
=1
8 0.5
0
5 6 7

8 9
logit_prob_1g0p
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NC Coherent 1y: Binning and Sidebands Optimization

Choosing Bin Edges
e Previous runs sorted into eight bins
with equal events
e Optimized by testing multiple binning

algorithms
e Imposed minimum of 10 events per bin
to avoid:
nu uBooNE 1g0p
PROfit v2.3.0
3 [ pred bkg [ NC coherent 1g
§ 1400 B dirt [ ext
e CV Prediction+ 15 —e— Data: 1.00x1G' POT
1200 x2/ndf = 0.00/316
1000
800
600
400
200
o -
= 1
8 0.5
0
5 6 7

8 9
logit_prob_1g0p

Signal Study |319

Sideband Optimization
e All 19 sidebands on always outperforms

e NCx° and high stats sidebands
predominantly constrain uncertainties
affecting analysis

~ yNp 1y0p lyluNp 1ylu0p 1y out-Fv
?”/éz‘-‘ 210 }Xw‘ ok | |_ad

—

L
leNp 1eOp

P> P P>
% %‘-{ %‘f NC Oy BT
\ >3y Higher mass 2y v yeter ~ N
® N ’
< )




Where Does This Leave Us?

Increasing Sensitivity Throughout Analysis

=== Optimized Configuration for NC Coherent 1y specific BDT v2 o/
604 == NC Coherent 1y specific BDT v2
= Single bin

Signal Study | 20 Excess template scale above CV



Where Does This Leave Us?

60

A much
improved
analysis!

Signal Study | 20

Increasing Sensitivity Throughout Analysis

== Optimized Configuration for NC Coherent 1y specific BDT 0
=== NC Coherent 1y specific BDT
= Single bin

Excess template scale above CV



Takeaways




NC Coherent 1y

Previous MicroBooNE Analysis

~ 100
> L R I~ ooty o Rt
D QOf—-----mmmmmmm e S
(0] 90%: x = 24.0
-l
8 80
c
[
2 70 -
=
’O
° 60
50
40F
30:_ MicroBooNE Data
C 6.87x10%° POT
20;— ~——— Wilks Theorem
10:_ ~— Feldman-Cousins
: IIlIIIlIIllllllllllllllllIlllllll

00 5

10 15 20 25 30 35
x (NC Coherent 1y Scaling)
https://arxiv.org/pdf/2502.06091
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https://arxiv.org/pdf/2502.06091

NC Coherent 1y

Previous MicroBooNE Analysis Predicted
~ 100f 100
T T TTrrT e TN 17 7 [ (= N (S50 RANNVUROUES VAPRIAIN WO| WSRO RN TP NN
§ LS e e bt H oot iy i S RS S S
3 E 90%: x = 24.0 90%: x=2.67
g 80F 80
c
[
2 70 ] I | O A e R T S S R, ST ST
= = - X
'O B =
2 60F T 60
E 3
50 g
40F = 401
C (e}
30: MicroBooNE Data o
o 6.87x10%° POT
- ] Prediction
20F = Wilks Theorem -
- 1x10% POT
105_ ~— Feldman-Cousins best fit x=1.00 = Wilks Theorem
Oo'l 11 15 11 |1|0| 11 |1|5| 11 |2|0| 11 |2|5| 11 |3|0| 11 13151 {1 A 0 0 é 1'0 1'5 2'0 2‘5 3’0 3'5 20
x (NC Coherent 1y Scaling) x (NC Coherent 1y Scaling)

https://arxiv.org/pdf/2502.06091

e Expected to have improved sensitivity to NC Coherent 1y by a factor of up to 9
e Comparison is not airtight: analysis lacks some signal and detector systematics
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https://arxiv.org/pdf/2502.06091

Signal to Background

2 = NC Coherent 1 3 NCA - Ny (1+p
& 3R/ ] NC A — Ny (Op 3 NC 1n° Coheren
. . . ai — @ NC 17° Non-Coherent . CCv, 1n®
Previous MicroBooNE purity: 30F-C=1 BNB Other __ CC v,/¥, Intrinsic
0 o5 [ #% Tota‘v Prediction: 32.8
3 . 2 / 0 = —@— Data-04 MicroBooNE Data
20~ 6.87x10% POT
15 f— ({l{é
10~ e 2 P
SE ¢ e e
c o e S 7 S 7 7 7 . s
S “E : 7/ : :
S j 7 i
o
E 0.5 / /.n. %I
o % : : ;
X 0.2 0.3 0.4 0.5 0.6 0.7

Reconstructed Shower Energy [GeV]
https://arxiv.org/pdf/2502.06091
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Signal to Background

nu uBooNE 1g0p PROfit v2.3.0
. . . 2 45 [ pred bkg [ TNC coherent 1g
Previous MicroBooNE purity: 2 Bl dirt B ext
40 . g
----- CV Prediction

3.2%

Purity in upper region of prediction
(same number of events):

19.4%

. 4.5 5 5.5 6 6.5 7 7.5 8
logit_prob_ncbdt_v3
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Cross-Section Limits

Previous MicroBooNE result:

o < 1.49x10* cm?

Takeaways | 23



Cross-Section Limits

Previous MicroBooNE result:
o < 1.49x10* cm?
Prediction at 1x10%! POT:

o < 1.66x10% cm?
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Cross-Section Limits

MicroBooNE ®-integrated XSEC

o | o
10 [Re +
Previous MicroBooNE result: Fu- !
2 ¢
o < 1.49x10* cm? o ]
Prediction at 1x102! POT: " | [
10743
o < 1.66x10* cm? o
1o~ — T Q,' T — T T T T T T
& o & Q Q & © 3 oy o &
SO A & /
¥ (,o“x* \\‘J&
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Advancing Physics

e Being able to better distinguish NC Coherent 1y events can lead to:
o Proof that this process exists
o An understanding of its role in the MiniBooNE Anomaly
o Relevant and important for dark sector models

_
Takeaways | 24 https://journals.aps.org/prl/abstract/10.1103/3q7x-ks7h



https://journals.aps.org/prl/abstract/10.1103/3q7x-ks7h
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Thank you!

| am happy to take any questions!
scoandersonl4@gmail.com
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NC Coherent 1y

Previous MicroBooNE Analysis Observed Predicted
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e Expected to have improved sensitivity to NC Coherent 1y by a factor of up to 9
e Comparison is not airtight: analysis lacks some signal and detector systematics
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Signal to Background

nu uBooNE 1g0p

PROfit v2.3.0
[ pred bkg [ TNC coherent 1g

B dirt [ ext
----- CV Prediction

Previous MicroBooNE purity:

3.2%

Events

12

Purity in upper region of prediction
(same number of events):

19.4%

Purity in open data bin:

9.0%

0.9 0.92 0.94 0.96 0.98 1
prob_ncbdt_v3
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Cross-Section Limits

MicroBooNE ®-integrated XSEC

s b ® BNBO

Previous MicroBooNE result: . i ¢ e

,_.

o
&
o

o < 1.49x10* cm?

Prediction at 1x10% POT:
o < 1.66x10* cm?

Observed with 9.57x10%° POT: o

XSEC [cmZ2/nucleon]
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| |
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I Next Steps




Blip Information

e Tiny cluster of charge

Next Steps | 22



Blip Information

e Blips are not included in BDTs due to risk of mismodeling
e Evidence that imposing cut on high energy blips could increase sensitivity

nu uBooNE 1g0p

PROfit v2.3.0

[ pred bkg [ JNC coherent 1g
B dirt B ext
----- CV Prediction

Events/unit

40 50 60
blip_no_shower_cone_sumE
Next Steps | 22



Restriction Studies

Pre-fit +1o (prior)

—

- Post-fit +16 (MCMC)

lllllllll]l

é Profile scan+1o
B Global best-fit

¢ Injected values

¢ o ;
(6)] C? OO . O DN

o

Parameter value (prior o = 1)
I

|
—
(%)
TTTT[TTTT]

Only allow studied
systematics to vary
as spline knobs

20% NC17°Np
deficit PROfit being
used



Omission Study Only-one-spline Study

nun X70oins Only spline X/ nbins
Top4 restricted 16.36/8

FrCEx_N 14.88/8
No FrAbs_pi 15.73/8

FrAbs_pi 15.26/8
No FrCEx_pi 15.79/8

FrCEx_pi 15.18/8
No NormCCMEC 16.19/8
No FrCEx N 16.13/8 NormCCMEC 14.87/8

e Unrestricted X?=18.3
e Top4 restricted = all four systematics set to “spline”
e Comparable X? means that no single systematic is a unique driver of the deficit



o —
- O DN

o

Parameter value (prior o = 1)

|
—
o L

No FrCEx_pi

PROfit v2.3.0

o o »

\:’ Pre-fit +1o (prior)

B Postfit=10 (MCMC)
é Profile scanz1o
M Global best-fit

¢ Injected values

Parameter value (prior o = 1)

No NormCCMEC

D Pre-fit +1o (prior)

| I Post-it=1o (McMC)
é Profile scan+1o

.| M Global best-fit

¢ Injected values

Similar systematics are pulled about the same regardless of the omitted
systematic. This is true in the runs where only one systematic is set to

spline as well.



2youtFV Excess
What is 2youtFVv?

FV meas fiducial volume: the volume
actually detecting events

active detector volume

s o D o g e e e 7
interaction b S
outside I" S bR St i 'If !
¢ active detector T et A
| | & *yY | I
volume I | =5 ¥ i
| - |
= ___1——‘!" % 3¢ ! '\\_two reconstructed
| s 1 photon showers
_____ H | 1 1
* ———————————————— I : "Z/_ :/Il//
e S ~

| ———— < |
0 = yy b %ﬁ &
| | > T I
[ o
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L s 1

(P4 e

1
1
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1
]
1
|
1
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1
1
]
1
1
1
1
1
|
1
1
|

fiducial volume
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2youtFV Excess

What is 2poutFV?

FV meas fiducial volume: the volume
actually detecting events

active detector volume

e T T i
interaction P bl
outside o T "( :
active detector o :- L
volume Lo _-%5; VN
] e 1
___1——‘*" S b < ﬁ-\:\l\\ two reconstructed
-- ] - 2
— 1 photon showers
———— | ! i
* ——————————————— I : )v(z/‘ :/IL//
el <
I ———- |
0 = yy Lo ﬁf‘%‘ &
| 1 > T ¥ i 1
T o
A e e i 1--4
ol iz

fiducial volume
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200

150

Event counts

100

T

YDATA/XPRED=1.24+0.06(data err)+0.24(pred err)
Data POT: 6.343e+20 —s— BNB data, 436.0
Pred. uncertainty Cosmic Data, 44.7
Dirt/out FV, 80.3 [ NC n’in FV, 64.5

CC n’inFV, 15.6 Other in FV, 10.6
9 v, CCinFV, 4.2 B 1y, 1314
MicroBooNE

unconstrained

Data/Prediction

R

15— _‘:TLE?E_d total uncertainty —e— L
B an P ORI + almsls
T

e el B S

100 200 300 400 500
Reconstructed Shower Backwards Projected Distance (cm)

https://arxiv.org/pdf/2502.06064

Motivated by previously observed excess,
we asked, “Can systematics reproduce a
30% 2youtFV excess under 100cm
without altering inFV channels?”


https://arxiv.org/pdf/2502.06064

Can systematics reproduce a 30% 2youtFV Excess?

e Same logic as before

e Inject excess

e Identify pulled
systematics

e Heatmap of percent
change of area under
postfit to CV

Background Studies | 16



Can systematics reproduce a 30% 2youtFV Excess?

e Same logic as before

® Inject excess

e Identify pulled
systematics

e Heatmap of percent
change of area under
postfit to CV

Background Studies | 16

Injected systematics

Target Injection Response

Channels

20

-
o
Post-fit change from prefit [%]

-40




Can systematics reproduce a 30% 2youtFV Excess?

e Same logic as before

® Inject excess

e Identify pulled
systematics

e Heatmap of percent
change of area under
postfit to CV

No, the excess is only
partially recovered, and
never in a clean
outFV-only way.

Background Studies | 16
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Hardcoded 30% excess in 2goutFV under 100 cm
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Max absolute inFV channel change [%]

Exact ROOT extraction: outFV response vs inFV leakage
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Top Variables

= BDT output

= variable catalog

Rank Branch AX? (x = 10)
1 prob_1g0p 58.76
2 prob_numuCC1pi0_Op 43.95
3 prob_multi_pi0 41.45
4 glee_trackstub_num_unassociated_hits | 35.92
5 wc_nc_delta_score 35.90
6 prob_NC1pi0O_Np 35.45
7 glee _sss_num_unassociated_hits 33.24
8 prob_numuCC1pi0O_Np 32.89
9 wc_kine_reco Enu 20.73
10 wc_reco_showerKE 18.89




Binning
e Different formulas tested in NumPy to compute edges

e Rest of the configuration held constant
o logit(prob_1g0p), no sidebands, target bin count of 130

Criterion Formula What it optimizes AX? (x = 10)
Classic SZ Signal-to-noise ratio 159.1
b
Significance-weighted 52 Equal significance 171.7
(s+b) contribution per bin
MC-stat-aware 52 Same, with statistics 172.7
2 enalt
(s+b+w?) penaty
S = signal

b = background
w? = sum of squared event
weights



10)

Ax3(x

2D Histograms?

e Real gain
Encounter same binning problem
e Secondary variable MC-stat-aware loses to equal content binning

Isolating the 2D Gain

200

179.7 Partner AX?
(x=10)

175 A

150 A

glee_trackstub_num_unassociated hits | 176.77

125 A

blip_no_shower _cone _sumE 178.52
lantern_blip_nWithin_100cm 179.19
. pandora_NeutrinoEnergy?2 179.45
N blip_no_shower _cone _sumE on 179.95

MC-Stat-Aware edges

69 columns 132 cells 131 cells Logit(p) base, SigW algorithm, Consistent number of bins + 2

(no split) (split on logit itself) (split on blip)



Sidebands

e Baseline: 1D, logit(p), significance-weighted binning
e Systematic understanding through ablation study:

Cross-Section Systematic Cost Breakdown

Group Removed AX? (x = 10) Cost vec I 23+
w/o Group (A vs. 171.71) res I 165
Cross-section (xsec) | 207.51 35.8 :: :::
Flat normalization 184.39 12.7 tack gl 070
MC statistics 181.01 9.3 H

Non-RES-antinu -I 0.21

Non-RES-nu «‘ 0.07

Flux 172.47 0.8

scc - 0.01

Hadron reinteraction 171.86 0.1 0 : 10 15 20
Ax?(x=10) cost



Sidebands

e NC1720 — largest background
e vuCC — highest-statistics, constrains flux and general cross-section

baCkg round SyStematiCS Sideband Gain: Minimal-4 Captures 65% of the All-19 Ceiling

=== No sidebands [171.7]
Minimal-4 sidebands (NC1rn°Np, NC1r7°0p, v,CCNp, v,CCOp) [193.1]
200 1 == All 19 sidebands [204.6]
150 4
F

100

50
0 r T T T T
0 2 4 6 8 10

Excess template scale above CV



What happens when we turn the data on?

e One bin to increase stats up to 10 events
e Deficit, which shifts scale factor left

Sensitivity Curve Comparison:
PROIit v2.3.0 . Prediction Vs. Fit to Real Data (9.57x10*° POT)

= Prediction

nu uBooNE 1g0p

Events

7 2 g
----- CV Prediction+ 1o % Best Fit+ 1o (post-fit)

=== QObserved

—— Data: 9.57x10"° POT x2/nbins = 85.114670/57
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Hyperparameter Importance

learning_rate|

subsample

min_child_weight 0311

max_depth 0.08

reg_alpha 0.04

Hyperparameter

reg_lambda 0.02

0.01

colsample_bytree

scale_pos_weight§ 0.01

o

0.1 0.2 0.3 0.4

Hyperparameter Importance
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Intermediate values

0.98

0.96

Objective Value
o
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Contour

colsample_bytree v

learning_rate v

learning_rate

——0.989

——0.988
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colsample_bytree



Parallel Coordinate

(< < I < I < I < I < I < I <

Check All

Objective 0

Param colsample_bytree
Param learning_rate
Param max_depth
Param min_child_weight
Param reg_alpha

Param reg_lambda

0.996055 1 10 10 1
1.00e+3 -
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0.995

0.99

0.985 =

0 :
e

ZaN
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0.975
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0.97455 0.5 2 1 0.5
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