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Introduction

Many different tools and methods already exist

Experiments in high energy physics always such as:

require the statistical analysis of data obtained

since it has probabilistic nature. RooFit and RooStats packages [1,2],
Combine[3], Theta[4] and others.

Parameters and expected significance require Existing tools require complex setup

complex statistical models including systematic (ROOT/CMSSW), datacards and

uncertainties to be calculated accurately. C++/RooFit/RooStats plugins.

A new lightweighted potentially Python-based
tool is needed for quick analysis and estimations
which can be used for theoretical and
phenomenological researches.

To perform these calculations one needs a
profound statistical tool.

[1]Verkerke, Wouter, and David Kirkby. "The RooFit toolkit for data modeling." Statistical Problems in Particle Physics, Astrophysics
and Cosmology. 2006. 186-189.

[2]Moneta L. et al. The roostats project //arXiv preprint arXiv:1009.1003. — 2010.

[3]CMS collaboration. "The CMS statistical analysis and combination tool: COMBINE." arXiv preprint arXiv:2404.06614 (2024).

[4] Toth, Tamas, et al. "Theta: a framework for abstraction refinement-based model checking."

2017 Formal Methods in Computer Aided Design (FMCAD). IEEE, 2017.



StatTestCalculator

In this work we announce a new lightweighted software for statistical analysis - StatTestCalculator (STC).
The STC functional ability allows the following:

Estimate the expected significance and upper limits using asymptotic formulae.

Calculate the exact significance and upper limits using Monte-Carlo simulations of test statistics.
Use normal or lognormal distributed systematic uncertainties for both signal and background events.
Define whether to use correlated or uncorrelated systematic uncertainty.

Implement user’s own test statistics, formulae or systematic uncertainty distributions.

Plot the data, signal and background distributions.

Plot the resulting distributions of Monte-Carlo simulated experiments and calculations

ThIS functions can be applied for both counting experiment data and histograms analyses.
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Since the software is built on Python, it is simple to understand the functionality of the code and easy to
use. The tool can be directly integrated into Jupyter notebooks and python scripts to complete a neural
network pipeline.

In this report we will explore the basic concepts of statistical analysis, mathematical foundation of the
methods. dive into the functionalities of the tool and investigate the applicability.



Statistical analysis

The basic concept of statistical analysis of high energy physics
data is hypothesis testing.

The data can a distribution collected from an experiment (fig.1)
or a neural network output discriminator (fig.2)

Example of HEP experiment data
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Fig.1. example of experimental data.
Black dots — number of observed events in each bin,
Blue — number of expected signal events,
yellow — number of expected background events

The hypotheses can be denoted as:

Background-only (null) hypothesis:

H, — data does not contain any signal events

Singal + background (alternative) hypothesis:

H, — data contains both background and signal events
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Fig. 2. Example of neural network output descriminator.
Black dots — number of observed events,

Bars — background events

Dotted line — signal events




Statistical analysis and hypothesis test

Hy:n; = t;b; - no signal is present in data(1)
Hi:n; = us; + t;b; - signal is present in data (2)

Where s;, b;— number of signal
and background events in each bin.

bexp

= e parameters of strength of

)
bops Sobs

background and signal respectively.

T =

Likelihood under the assumption of a hypothesis:

L= L(H|H = H))

Consider each bin in data histogram has n; events.
Under an assumption of hypotheses.(1,2)

Here t represents the nuisance parameter and used
for accounting of systematic uncertainty, u — parameter
of interest which is depended on cross-section of
signal process.

One can set upper limits on u or calculate an expected
significance of discovery of a new process.

For that one should find the hypothesis that is best
consistent with the data.

It can be done with test of a hypotheses:
H, vs. H, for calculating expected significance.

H, vs. H; for setting upper limits.



Mathematical foundation for hypothesis tests

Consider the statistical model of the data obtained:
N M
L (u, T (5) , 5) = 1_[ Poisson(us; + t;b;) l—[ Systematic(ﬁ)
i=1 j=1

Where Systematic is the distribution of systematic uncertainty and 6 represents the vector of nuisance
parameters.

L(u0)

L(p,0)

From this two statistics can be derived to be used for calculating expected discovery significance and
upper limits respectfully[5]:

The general statistic for hypothesis test can be denoted as[5]: A=

{—2111)\(0) , =0 {—2111 Ap), o <p
do = - qdu = -
0, <0 0, g>p

[5] Cowan, Glen, et al. "Asymptotic formulae for likelihood-based tests of new physics." The European Physical Journal C 71 (2011): 1-19.



Mathematical foundation for asymptotic formuale

Using these statistics under the assumption of Asimov dataset, the following conclusions can be
made[5]:

Zo=®"(1—po) =/q0. Z, =0 '(1—p,) = /-

And the asymptotic formulae for significance of the discovery and upper limits both including and
excluding systematic uncertainty can be derived[6]:

(s+b)(1+ 62b) 1 .S s
Zgiee = 12 | (s + )1 : = (14+82—1)]. — ./ [ _)7'}_
fise \/ [(S + )) . ( b+ 523)(8 + ?)) 02 " + 1+ 02h Zdi..s'r: 2 (S + b) In (1 + b i

Zonel = \/2 [3 — bln (b+;}+m) _()_izln (b;bn“f’)} —(b+s—x) (1—1—%) Zowel = \/2 {3 —bln (1 + %)] .

Where § — complete relative uncertainty of the background events

[5] Cowan, Glen, et al. "Asymptotic formulae for likelihood-based tests of new physics." The European Physical Journal C 71 (2011): 1-19.

[6] AcumnToTU4eckue opmyrbl AN OLEHKM CTaTUCTUYECKOW 3HaYMMOCTH B KonnangepHbix akcnepumerTtax. fopun [.3., Bacunesckuin O.C., Oyako J1.B., ABacos 3.3.
Yyenbie 3anucku ¢ghusudeckoeo pakynbmema Mockoeckoeo YHusepcumema, Ne 1, c. 1-12, 2024.



Monte-Carlo hypothesis test using StatTestCalculator

Consider the background events with systematic uncertainty having the distribution in general case:
b~ b X Systematic(ﬁ)
In most cases Systematic is either normal or lognormal distribution of nuisance parameters.

The simple way to consider all the nuisance parameters at once is to use the background strength
parameter t:

t~Normal(u = 1,06 = 6) or t~Lognormal(u’' = 1,06’ = §)

pt o
where g’ = e\ ?/ando’ = (e"2 — 1) e(2nt9*) the parameters of lognormal distributions.



Monte-Carlo hypothesis test using StatTestCalculator

Thus, the final likelihood for each Monte-Carlo simulated If the systematic uncertainty is considered to be correlated,
experiment would be: the likelihood is simplified to:

i

N N N
- si+T;b)™ - s; + Thy)™
L (”' b' ?) = 1_[ (‘l"n—'ll) e_(ﬂsi‘l"l'ibi) 1_[ Systematic(ﬂ' 0') L (M! b ‘l’) = n% e_(ﬂsﬁ"l'bi) X Systematic(”' O-)
i=1 ¢ i=1 = '

i=1
Where t is distributed according to a systematic distributions If the systematic uncertainty is considered to be
(Normal or Lognormal): neglectable, then the likelihood simplifies to:
. 1 —ﬂ P . N n;
T~ Systematic = 75 € 262 - normal distribution or LGubt=1)= 1_[ (us; + by)™ o—(sitby)
<_M2 i=1 n;!
52

T ~ Systematic = exa—\/ﬁ - lognormal distribution



Monte-Carlo hypothesis test using StatTestCalculator
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Comparison of asymptotic, MC and reference method calculations

In order to check an accuracy of
STC calculations we can set up
a counting toy experiment and
make calculations for different
number of signal events.

Here the comparison of
calculated expected significance
of discovery obtained from STC
and Combine as reference
method is shown.

Each toy background consists of
100 events.

Each MC calculation consists of
10000 toy experiments.
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Comparison of asymptotic, MC and reference method calculations

In order to check an accuracy of
STC calculations we can set up
a counting toy experiment and
make calculations for different
number of signal events.

Here the comparison of set
upper limits obtained from STC
and Combine as reference
method is shown.

Each toy background consists of
100 events.

Each MC calculation consists of
10000 toy experiments.

a0 STC Upper limits on u parameter CL=95%, delta=0 5.0 Asymptotic STC Upper limits on y parameter CL=95%, delta=0
Combine Upper limits on u parameter CL=95%, deita=0 Combine Upper limits on i parameter CL=95%, delta=0
45 45
4.0 4.0
) 9
£ £
v 35 L 1]
] o
& \ [
) \ 5
g 30 g 30
g o
g &
] a
2.5 2.5
2.0 2.0 \
1.5 — 15 —
10 20 30 40 50 10 20 30 40 50
Number of signal events Number of signal events
STC Upper limits on u parameter CL=95%, delta=20% STC Asymptotic Upper limits on y parameter CL=95%, delta=20%
8 . -
. Combine Upper limits on y parameter CL=95%, delta=20% Combine Upper limits on u parameter CL=95%, delta=20%
7 7
g6 ge
E &
* bl
¢ \ a
a .
gs \ g3
\ b}
¥ \ g \
o o
@ a
£ a4 a4 3
i \
3 3 \
—L
2 - 2 \‘_\_‘

20 30 40 50
Number of signal events

10 20 30 40 50
Number of signal events




Comparison of Combine, Theta, StatTestCalculator

Implementation

Supported Methods

Systematics & uncertanty

Flexibility & variability

Pre-requsities

Can be used for:

C++(ROOT/RooFit/RooStats)
with Python/CLI glue

Asymptotic, Monte-Carlo,
Bayesian MCMC, Feldman—
Cousins

Supports any nuisance
parameters and shaped
systematics, correlations

Implementing new systematics
or distributions via RooFit &
RooStats

C++, ROOT, CMSSW,
datacards, documentation

Complete exact analysis of full
data

C++ core with Python bindings

Asymptotic, frequentist Monte-
Carlo, Bayesian

Shaped systematics, nuisance
parameters and correlations

Implementing new systematics
via C++ plugins or custom
distributions

C++, ROOT, BOOST/GSL,
documentation

Complete exact analysis of full
data

Pure Python

Asymptotic, frequentist and
hybrid Monte-Carlo

General background
systematics and correlations

Implementing any statistics,
distributions or systematics via
Python callable functions

Python, simple documentation

Complete analysis, quick
estimations and neural networks
pipelines



Conclusion

The new general tool for statistical analysis in high energy physics is presented. This
tool allows user to run complete statistical analysis including calculations, plotting the
results or conduct quick estimations of the expected significance or upper limits.

StatTestCalculator possesses a vast functionality and variety for different analyses
both general and specific. The variety of the class allows user to use custom models,
uncertainties, distributions and formulae to set the method exactly to satisfy the very
specific needs.

The tool, its description and tutorial is available on GitHub:

https://github.com/skottver/stattestcalculator
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