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Abstract

New statistical methods arise in response to new data types encountered in various disciplines; e.g.,

design of experiments to identify in
uential factors in pla nt and animal studies, survival analysis

and sequential analysis of data from medical investigations, detection of echoes in long-range time

series data, nonparametric and robust methods for non-Gaussian data, multiple comparisons to

address multiple hypothesis tests. Advances in both the scienti�c discipline and statistics result

from successful collaborations between the scienti�c investigators with the data and the statisticians

with the tools to develop methods for analyzing them. These opportunities exist for collaborations

between statisticians and high-energy experimental particle physicists, with high potential for sig-

ni�cant research advances in both �elds. Particle physics experiments produce massive amounts

of streaming data from the occurrence of \events" (collisons between particles or other types of

particle activity), whose constituents are measured, recorded, and saved in huge data bases. As

newer and faster accelerators lead to ever-increasing amounts of data, the increasing amounts of

data demand the development of e�cient statistical methods to identify subtle e�ects amidst im-

mense, but largely already well-established, e�ects. We outline in this article the framework under

which experimental physicists conduct their investigations and review areas where statistics has

been applied already to advance knowledge in the �eld. We then focus on current challenges and

provide an approach to study massive data sets with the goal of identifying a very small fraction
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of unusual \target" events. The analysis framework likely will be applicable to massive data prob-

lems in �elds such as protein identi�cation, �nancial and ma rketing applications, and public safety

surveillance systems.

Key words: experimental design, signal detection, massivedata streams, simulation, data pro-

cessing, conditional plots, BaBar collaboration, \Standard Model of Fundamental Particles and

Interactions"

1 Introduction

Massive data sets from high-energy physics (HEP) experiments provide ideal settings for developing

statistical analysis frameworks. In addition to the usual data issues of measurement uncertainties

and counting errors of discrete events, features of these HEP data include: relentlessly streaming

observations, typically unusable data in raw form without signi�cant computation, highly multi-

variate data (many features for each observation), derviation of more meaningful variables from

combinations and transformations of observed features, impracticality of saving every data item

and hence the need to identify quickly those items worthy of retention for further analysis; di-

verse sources of data (di�erent experiments, health departments, marketing databases, networks,

or environmental agencies), multiple classes (categories) of observations, high cost for disregarding

important events, and high impact of the inferences from thecritical data on decisions regarding

scienti�c theory or policy.

Typically, teams of particle physicists use statistics to extract information from data on \events"

| collisions between particles and their decay products | of ten of speci�c types (e.g., those that

involve certain particles), to gain greater understandingabout the parameters involved in the decay

chain (particle lifetimes, scattering angles, etc.), or to con�rm some aspect, or to identify some

inconsistency or incompleteness, in the currently accepted theory that governs particle behavior,

known as the \Standard Model" (see below). For the statistician, exposure to these sorts of

problems and associated massive data bases can lead to developments of tools that can be applied

in other �elds as well, such as detection of unusual events inepidemiology (disease outbreaks),

credit card usage (forensic analysis), computer networks (potential break-ins through the internet),

and the environment (monitoring of pollutants).
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Several authors have addressed subsets of these problems inanalyses of data in other areas.

The detection of disease outbreaks in time has been a continuing concern for public health depart-

ments and has led to the development of methods designed to detect them (Stroup et al. 1992;

Hutwagner et al. 2003, Buckeridge et al. 2005). Detecting disease clusters of cases (outbreaks) in

space prompted Kulldor� (1997, 2001) to develop a powerful spatial scan statistic; recent extensions

include methods to handle data in both space and time, as wellas arbitrarily shaped clusters (ref).

Cressie (), Gunst (), and Spiegelman and Rosenblatt (1997) proposed methods to detect environ-

mental violations such as nuclear waste contamination and air pollutants. Cox, Eick, and Wills

(1997) and Cortes and Pregibon (2001) proposed methods for identifying fraudulent telephone card

usage, and Jeske () developed a simulation tool to assist in the development of strategies to detect

fraudulent credit card transactions. Schonlau et al. considered the problem of detecting computer

masquerades. In many of these situations, the data can be strati�ed by computer user, disease

type, or customer, which reduces the size of the data stream as well as provides much baseline

information from which to judge apparent outliers.

By contrast, data sets from the Internet or HEP experiments involve millions of observations

per day, often from di�erent sources. The events are not easily strati�ed, and data from di�erent

sources and types of events can look very similar. Syndromicsurveillance falls into this category:

e.g., if one tracks consumer purchases of certain items to identify peaks in the series as potential

early indicators of bioterrorism, one must sift through mil lions of \background" purchases that were

made for harmless purposes (Stoto et al. 2006). Many of the approaches proposed for public health

surveillance are based on methods used in statistical process monitoring in industrial manufacturing

(Woodall 2006, Shmueli 2007), where the data are often far less numerous and much more consistent

(e.g., the tools are applied to individual production lines). Marchette (2001) and Kafadar and

Wegman describe the problems involved in detecting attackson computer networks and propose

analytical and graphical procedures to help identify potential attacks. Successful procedures are

predicated on e�ective characterizations of \typical" and \atypical" events, which can sometimes

be di�cult to achieve. Even if the data from \typical" can be m odeled, the \target" events may be

extremely di�cult to decipher from millions of background e vents, regardless of how well modeled

they are, if they overwhelm the \target" events and the expected proportion p of \target" events is

tiny. Substantial gains can be achieved if we can reduce su�ciently the proportion of background
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events. This approach (reducing background) is tantamount to identifying regions in the high-

dimensional space of events to concentrate our signal detection e�orts.

Identi�cation of such highly concentrated signal regions requires considerable familiarity with

the underlying data, which all too often are collected because they are easy to obtain and have

some convenient interpretations. In fact, often the available data features are not the most e�ective

discriminators without reference to other features and without suitable transformation and com-

binations. In the next section we provide some background into particle physics experiments. We

then outline current approaches to HEP data, using as an illustration one speci�c target (signal)

event of interest (Section 3). Section 4 presents data from both actual and simulated events, and

describes the approach that we used to identify the target events. We describe the general frame-

work for detecting tiny signals in large oceans of background events (Section 5), and conclude in

Section 6 with some open problems.

Moreover, a straightforward application of Bayes rule shows that moderately successful identi-

�cation (i.e., correctly identify a target event with proba bility 0.8) can require many features:

Pf correct ID j k features indicate \target" g = p �
Q k

i =1 � i =[p �
Q k

i =1 � i + (1 � p) �
Q k

i =1 (1 � � i )] (1)

where p is the \prevalence" of the event (e.g., p = 0 :001 for an event that occurs once in 1000

background events),k is the number of independent features, and� i and � i are the sensitivity and

speci�city, respectively, of the i th feature. Figure 1 illustrates the calculations for of this probability

when all � i = 0 :6 and all � i = 0 :5: more than 40 features are needed forp = 0 :001 and over 80

when p is one in a million. Clearly, great gains are achieved by (a) focusing on quantitative, rather

than binary, features; and (b) reducing the number of background events sop is not tiny. We need

to develop straightforward methods for identifying those regions of the discrimination space which

have the largest concentration of signal events. Once we have some notion of where in the space

to look for such events, we can apply our more e�cient tools for classi�cation, �tting mixtures of

probability density functions (pdfs), and robust parameter �tting, all of which work very well when

the percentage of \outliers" (here, target events) is large.
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Figure 1: Probability of correctly identifying a target eve nt from k independent features, when the

prevalence of the event isp (corresponding to di�erent curves), and each feature has sensitivity 0.6

and speci�city 0.5; cf. eqn(1).
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2 High-energy particle physics experiments

2.1 The \Standard Model"

The \Standard Model of Fundamental Particles and Interacti ons" describes the elements of quan-

tum theory (particles and interactions) that characterize matter and forces. The model requires

new vocabulary to understand the experiments and subsequent data from particle physics experi-

ments, so this section de�nes the fundamental particles, the fundamental forces, and some of their

properties. (Readers familiar with these basics are invited to skip this subsection.)

Each particle has a corresponding \antiparticle" with identical mass and spin but opposite

charge. These fundamental particles consist offermions, subdivided into two classes: the six


avors of quarks (u, c, t, for up, charm, top, each having charge2
3 , and d, s, b, for down, strange,

bottom, each having charge� 1
3), and the six leptons (e� , � , � , for electron, muon, tau, each having

negative unit charge, and� e, � � , � � , their corresponding chargelessneutrinos). Quarks usually are

presented as three pairs |

 
u

d

!

,

 
c

s

!

,

 
t

b

!

| theory predicts that quarks in the top row

can switch only to quarks in the bottom row, and vice versa, but never to quarks in their same

row (\CKM Mixing Matrix", for Cabibo, Kobayashi, Maskawa, a unitary matrix whose elements

are the quark transition probabilities). To date, no experimental evidence has refuted this theory;

the currently accepted estimates of these transition probabilities in this matrix are given below.

(Notice in this matrix that the squares of the elements in each row sum to 1; i.e., the squared

elements give the probability distribution of transitions from the current quark state to any of the

other quark states.)

The \Standard Model" also predicts the \CKM Mixing Matrix" ( for Cabibo, Kobayashi, Maskawa),

a unitary matrix whose squared elements are the transition probabilities for quarks (u, c, t) to their

antiquarks (d, s, b): [I thought �u was the antiquark to u?]

u

c

t

d

s

b

0

B
B
B
B
B
B
B
B
B
B
B
B
B
@

u c t d s b

0 0 0 0:97383 0:2272 0:00396

0 0 0 0:2271 0:97296 0:04221

0 0 0 0:00814 0:04161 0:99910

0:97383 0:2272 0:00396 0 0 0

0:2271 0:97296 0:04221 0 0 0

0:00814 0:04161 0:99910 0 0 0

1

C
C
C
C
C
C
C
C
C
C
C
C
C
A
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Note that no experimental evidence to date has refuted the theoretical zeroes in this matrix

(transitions from top-row quarks to other top-row quarks), and that \top-row" quarks are much

more likely to switch to their immediate \bottom-row" quark s than to neighboring \bottom-row"

quarks. [Bob: I �nd it surprising that Pr( u� > d ) is 0.948, Pr(c� > s ) = 0.947, but Pr( t� > b) =

0.998. Why aren't they all the same?]

The antiparticle to the electron is the positron, denoted e+ ; other antiparticles are denoted

as �u, �c, �t; :::, �� e, �� � , �� � . These particles combine to form all other particles; for example, the

components of an atom are the electrons, protons (each proton consists of two u quarks and one

d quark, or uud), and neutrons (each neutron consists of twod quarks and oneu quark, or udd).

Triplets of quarks (qqq or �q�q�q) are known as baryons (e.g., proton = uud, anti-proton = �u�u �d);

quark-antiquark pairs (q�q) are known asmesons(e.g., pion = � + = u �d; kaon = K � = s�u; B-meson

= B 0 = d�b; see table of mesons in Figure 2). In addition to charge and 
avor, quarks possess the

property of color; each of the three quarks comprising a baryon has a di�erent color so all three

colors are represented. Quarks have been observed never in isolation, only as a combined presence,

even though the theory predicts the existence of the individual particles. The masses, charges,

and spins of the quarks, together with physical theory, determine the masses, charges, and spins of

the � 120 currently known baryons and the� 140 currently known mesons. At any point in time,

the state of each particle, de�ned by its charge, 
avor, and color, is a random variable; one has

a \glimpse" of the probability distribution of this random v ariable for a given particle when one

takes a measurement at a given instant | a distribution belie ved to be constant over time.

The fundamental forces (sometimes referred to more generally as interactions ) are the strong

(color) force between quarks, the weak force (associated with beta decay), and the electromagnetic

force (e.g., gamma radiation; proton-electron attraction). According to the theory of the Standard

Model, the color force is so strong that free quarks almost instantly bind into particles that are

neutral to the color force (hence our inability, to date, to observe quarks in isolation). Small

remnants of this strong color force provide the nuclear binding that holds protons and neutrons

together in the atomic nucleus. (The Standard Model does notincorporate the gravitational force

| hence the elusive \Uni�ed Field Theory" for which Einstein and other physicists searched in

vain | but because its magnitude is about 36 orders of magnitu de smaller than the strong force,

its e�ect on particles is considered negligible.) Bosons are the carriers of these forces: e.g.,g, for
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gluon, carries the strong force;W + , W � , and Z 0 carry the weak force; and the photon
 carries

the electromagnetic force. While all three types of forces act on quarks (weak and electromagnetic

are often combined as the term \electroweak"), only the weakforce acts on neutrinos. Particles

a�ected by the strong force (baryons, qqq, and mesons,q�q) are called hadrons.

Finally, all particles and forces possess the properties ofrest mass (in units of GeV/c2; recall

Einstein's equation E = mc2), electron charge (in units of proton charge = 1:60� 10� 19 coulombs:

possible values arek=3, where k = � 3; � 1; 0; 2; 3), and spin, the particle's intrinsic angular mo-

mentum (in units of �h = Planck's constant h divided by 2� = 6 :58� 10� 25 GeV-s; possible values

are � k=2, where k is an integer). Figure 1 reproduces the chart that summarizes the fundamen-

tal components of this \Standard Model" ( http://CPEPweb.org ). At the bottom of this chart

are illustrated three types of particle reactions: (1) neutron (udd) � -decay to a proton (uud), an

electron (e� ), and an antineutrino (�� e); (2) an electron-positron (e+ e� ) collision that yields the

meson pair B 0 �B 0 via either a virtual 
 photon or a virtual Z boson; (3) a proton pair (pp) col-

lision producing various hadrons and bosons. The mechanisms involved in events of type (1) are

relatively straightforward and well understood. Events of the second and third types are produced

arti�cially in accelerators; the latter especially are rar e, and when they occur, can provide valuable

information. Experimental physicists study the data that a rise from these events to better quantify

the parameters of the \Standard Model" (e.g., various masses, charges, and force couplings of the

particles involved in the decay or collision), which can lead to advances in the theory of matter

and forces. Each event obeys the usual laws of conservation (energy, momentum, electric charge),

as well as conservation laws of quantum physics (intrinsic angular momentum, or spin, total 
avor,

baryon number, three types of lepton number). Each conservation law in physics is linked to a

mathematical symmetry or invariance.

2.2 Colliding beam experiments at SLAC

The two-mile accelerator at SLAC accelerates beams of electrons (e� ) and positrons (e+ ) into a

circular ring in opposite directions to study the e�ects of collisions. Even with a huge number

of these particles in these beams, most of the electrons and positrons speed past one another.

Occasionally two particles collide, and the photon (
 ) energy resulting from the collision (e� + e+ !


 ) yields additional particles that can be observed in the detector (e.g., 
 ! e� + e+ , another
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Figure 2: The Standard Model: http://CPEPweb.org
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electron and positron, or 
 ! q + �q, a quark-antiquark pair). If unstable particles are produced,

they decay through a sequence of other particles called a \decay chain". If these sub-particles can

be identi�ed and their properties well measured (e.g., lifetimes, scattering angles, etc.), then the

decay chain can be fully characterized. Thousands of decay chains resulting from a collison are

possible, but usually only a small fraction of these chains are of experimental or theoretical interest.

The measurements of these sub-particles require a detector| conceptually, a massive shell

of electronic sensors (wires or silicon circuits) that detect the presence of acharged particle by

registering currents; hugely complex computer programs assimilate all the information from all the

sensors to yield estimates of the particles' characteristics (velocity, momentum, direction), as well as

their locations and the times at which the particles were detected (trajectories). This information

is then combined to create particle \tracks" of the particles' trajectories, as well as identi�cation

of the particles themselves, based on current information about each particle's mass, charge, spin,

velocity, etc., according to the Standard Model. For example, if a positively-charged particle is

detected with mass 0.14GeV/c2, the computer algorithm is likely to indicate \ � + " (pion). Each

\event" therefore is constructed from particle tracks and the data from the event consists of a

collection of particles and their characteristics associated with it, as well as information on when

and where they were detected. An example of a collection of particle tracks at a particular instant is

shown in Figure 3. In this �gure, each point along a track results from measurements taken at that

location; di�erent colors indicate di�erent levels of uncertainty associated with the measurements

leading to the particle identi�cation. To better view the ac tion at the source of the event, the scale

in this �gure of the detector is expanded near the center is expanded (log scale) and reduced near

the muon solenoid (outer edge), where only muons are detected (see bottom of the plot, 2.521 GeV).

The box at the end of each track contains a particle identi�cation based on the data measurements

(red) or based on the data plus other information from the experimenter (yellow). Thus, Figure

3 shows that the computer code identi�ed 3 � + particles, and 3 � � particles, and the researcher

has postulated oneK + particle and 1 K � particle, in addition to two protons ( P) having energies

1.207 GeV and 0.836 GeV, along with the one muon (2.521 GeV, bottom of plot).

Due to the resolution of the sensors, the practical limits onhow closely they can be packed, and

the extremely small lifetimes of some particles (10� 13 seconds), only relatively long-lived particles

with charge can be detected (e.g.,� � ; K � ; � � ; e� ) | and even then they may expire before reaching
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Figure 3: A rendition of the data collected in the SLAC detector at a given instant, showing

the computer's identi�cation of three positively-charged pions (� + ), three negatively-charged pions

(� � ), two protons (P), one muon (� , bottom), and two hypothesized kaons (K + , K � ). In this

�gure, the center of the detector is enlarged intentionally to better view detail; the detector itself

has a radius of xxx.

the detector's active elements, and hence leave no tracks and fail to be detected altogether. Most

numerous are the pions, and then the electrons, which are relatively easy to detect and are products

from many of the particle collisions and decays. Muons also are relatively easy to identify, due to

their relatively long lives which allows them to travel xxx d istance to the muon solonoid. Neutrinos

cannot be detected; their existence is inferred from the imbalance in the equation for conservation

of momentum.

Progress on objective (a), greater precision in the quanti�cation of parameters, such as decay

rate, particle momentum, or angle of decay, has great consequences for the understanding and quan-
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ti�cation of other processes whose mechanisms depend upon the quantities involved. For example,

tightening the uncertainty on the decay rate of a particular reaction a�ects the probabilities of sub-

sequent events. If su�cient events are observed in these massive data bases whose measurements

exclude currently accepted or identi�ed mechanisms, the data analysis can lead to objective (b),

identi�cation of inconsistencies or incompleteness in thetheories. Thus, the investigation of these

data bases can lead to signi�cant advances and enhance our understanding of particle interactions.

Millions of events occur every second, but only a small fraction have interesting characteristics

that will be recorded. Among them, di�erent experimental ph ysicists will focus on speci�c events;

e.g., those events whose decay products include leptons, ormuons, or kaons. Even this subset of

events may contain thousands of di�erent decay chains, onlysome of which will be useful for a given

theoretical investigation. A speci�c decay chain may be extremely rare, so e�cient algorithms for

combing these massive data sets to extract events of interest are needed. (For example, if the event

of interest is believed to include a muon but none of the particles in the event are recorded as

having mass exceeding 0.1GeV/c2 or lifetime 2.2� s, then this event is likely to be discarded from

consideration.) The algorithms must be statistical in nature, due to (i) uncertainties in the recorded

quantities, (ii) the potential for the recorded events to exclude speculated particles, and (iii) the

possibility that the recorded events include particles that actually belong to multiple postulated

decay chains. But because the theory associated with each event is complex, writing down a

statistical likelihood for each one is infeasible. Consider, for example, one speci�c decay mode

investigated in detail by Gill (2004), who writes its four-d imensional probability density function

(pdf), based on the theory of the Standard Model, as follows:

dF=dq2dcos� `dcos� V d� = (1)

3G2
F jVcbj2

8(4� )4
� D �

(q2 � m2
l )2 q2B (D + � ! D 0� + ) � [((1 + cos2 � ` ) + m2

`
q2 sin2 � ` ) sin2 � V (jH+ j2 + jH � j2)

+ 4(sin 2 � ` + m2
`

q2 cos2 � ` ) cos2 � V jH0j2 { 2 cos� ` sin2 � V (jH+ j2 � j H � j2)

{ 2(1 � m2
`

q2 ) sin2 � ` cos 2� sin2 � V Re(H+ H �
� ) + (1 � m2

`
q2 ) sin 2� ` cos� sin 2� V Re(H+ + H � )H �

0

{ sin � ` cos� sin 2� V Re(H+ � H � )H �
0 + 4 m2

`
q2 cos2 � V jH t j2.

Each term in these equations requires many equations to express it in terms of the parameters in

the Standard Model. Thus likelihood equations for the decaychains are very complex calculations

for each of the 250 million beam crossings per second (22 terabytes per second). Although most
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of these events are rejected by the software as being \uninteresting," thousands cannot be distin-

guished from \interesting" events. Potentially \interest ing" events are recorded to disk at the rate

of about 600 gigabytes per day and form the basis for selection (about 20 billion recorded events).

Clearly, tools for massive data are needed. Narrow cuts missinteresting events, while liberal cuts

include more background over signal. Incorporating known properties of these semileptonic decay

modes will lead to better methods of event selection and hence to fundamental knowledge about

the wavefunction structure of the B meson, and the weak and strong forces governing particle inter-

actions of parameters in the Standard Model. Existence of events that contain enough convincing

evidence of inconsistencies in the current theory may lead to modi�cations that better describe par-

ticle interactions. Conversely, if parameters of events are con�rmed with greater precision, these

lower uncertainties can lead to better quanti�cation of oth er parameters in the Standard Model.

Experimental investigations therefore proceed as follows:

1. The Standard Model provides theory for properties, compositions, and behaviors of particles

and interactions.

2. Particle experiments are conducted to increase the rate at which certain reactions and colli-

sions among particles are expected to occur, providing evidence to con�rm these characteris-

tics (properties, compositions, behaviors).

3. Greater numbers of observations resulting from speci�c types of events provide con�rming

evidence of the theory and greater precision in the estimation of these characteristics.

4. Very large numbers of observations resulting in events that suggest unexpected products or

departures from currently accepted estimates of particle characteristics (beyond currently

accepted levels of uncertainties) can lead to modi�cationsof the current theory and values of

other parameters in the model.

The goal is to identify, from a massive database of events of all types, those events of particular

interest to the investigators on a project. Over time, more events can be observed, and hence

greater knowledge and lower uncertainties about the model result. If the database can be combed

more e�ciently, and events can be selected with greater accuracy (more relevant events, fewer

irrelevant events), then knowledge can proceed that much faster.
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2.3 Example: The BaBar collaboration

An example of a speci�c series of events of interest to experimental physicists is being conducted by

the BaBar collaboration at the Stanford Linear Accelerator Center (SLAC). SLAC has a Positron-

Electron Project (PEP) colliding beam apparatus that consists of two stacked rings in the same

tunnel, designed to operate e�ciently at energies that can produce large numbers ofb quarks and

hence manyB 0 and �B 0 mesons (�bd and b�d). More speci�cally, about 20% of SLAC collisions have

su�cient energy to produce quark pairs of b and �b, with enough energy remaining to create other

q�q pairs (plus kinetic energy). In about one-half of such collisions theq�q pair is u�u, which combine

with the b quarks to producecharged B-mesons (B + = b�u and B + = �bu). In roughly another half

of the collisions, the q�q pair is d �d, which combine with the b quarks to produceneutral B-mesons

(B 0 = �bd and �B 0 = b�d). (About 0.1% of the collisions producing b�b have insu�cient energy to

create new quarks, sob�bstays together as a� particle.) SLAC has particular interest in those events

that involve neutral B-mesons, as di�erences in their varous decay modes that produce particles and

exact antiparticles may indicate reasons why so much more \matter" (particles) than \antimatter"

(antiparticles) has been observed and hence lead to new theories concerning apparent symmetries

in the properties of particles.

Several hundred decay modes involvingB mesons have been identi�ed; Section 4 describes

the theory associated with one of them, to illustrate the data collection and analysis process in

di�erentiating its characteristics from those of the other decay modes (considered as \background"

when not the target event of interest).

3 Statistical methods

The current process of con�rming some aspect of the StandardModel (e.g., predict the parameters

in a decay trajectory) involves:

1. Event selection: Select events that are consistent with the event of interest (e.g., right number

of particles, appearing at approximately the predicted times and locations);

2. Parameter estimation: Estimate parameters in the theoretical decay model;

3. Calculate uncertainties: Calculate the uncertainties in the parameter estimates;
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4. Assess �t: Calculate a \goodness-of-�t" quantity between the �tted p arameters and the

theoretical model.

Each step can bene�t from the application of statistical methods. To varying degrees, such meth-

ods have been applied in the latter three steps (Barlow 2003,Lyons 2007): maximum likelihood

estimates (MLEs) are computed via a computer program known as MINUIT (step 2), Poisson statis-

tics (step 3), and chi-squared goodness-of-�t tests (step 4). The well-documented non-robustness of

maximum likelihood (Tukey 1962; Huber 1981; Hampel et al. 1986) motivates the development of

robust methods for complex likelihoods such as those encountered here, and improved goodness-of-

�t statistics have been developed that have better power with small observed and expected counts

(Read and Cressie 1988). Step 1 remains a critical limiting factor: better methods for separating

target events from background events will ensure greater success in the last three steps. For ex-

ample, robust methods will provide better parameter estimates, as they downweight events whose

data are inconsistent with the \target" events,, but not whe n the \background" overwhelms the

\signal" with possibly hundreds or thousands of di�erent categories of event types.

Great e�ciencies in this process can be obtained by focusingparticularly on methods to improve

the e�ciency of step (1), namely, the selection of events consistent with the \target" event under

study. A framework, or strategy, that succeeds here likely can be applied in other problems involving

massive data sets and streams. A sensible �rst strategy utilizes a series of \cuts" or interval

statements (e.g., momentum of particle A must lie betweenp1 and p2, otherwise "cut" the event

from consideration; velocity of particle B must lie between v1 and v2, otherwise \cut" the event;

etc.). \Hard cuts" (restrictive ranges) result in fewer events (and hence less data for estimation of

parameters and uncertainties); \soft cuts" (more relaxed ranges) allow more background (irrelevant)

events into the collection, and hence contaminate the estimation procedure. In view of Figure 1,

the application of \soft" cuts is useful: by applying them, w e can reduce greatly the size of the

database by eliminating clearly inconsistent events, and thereby increase the chances for identifying

targets using the same number of features.
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4 A target event for study

To better clarify the issues described in the previous section, we choose one particular event of

interest, whose decay involves the following features:

1. The b�b quark pair is produced (about 20% of all saved events)

2. The energy fromb�b converts to the mass of ad �d quark pair, to produce neutral B-mesonsB 0

or �B 0.

3. At least one of the B-mesons (eitherB 0 or �B 0) decays into a pair of charged rho particles,

� + � � . (The decay of the other B-meson remains unspeci�ed.)

4. Each rho particle decays into a pair of pions; i.e.,� + � � ! � + � 0 [ � � � 0.

For example, an event whose computer output indicates 30 tracks is unlikely to be one of these

target B 0 or �B 0 decays , because only one of the charged� particles from each� particle is detected

(only charged, not neutral, particles are detected), and noknown decay modes for the other �B 0 or

B 0 involves as many as 28 charged particles. (More likely, 30 recorded tracks arose from another

decay chain or from multiple decay chains each with fewer tracks.) Other \soft cuts" are sensible;

e.g., if theory determines that the mass of the� + particle (from the � + � 0 pair) and the mass of

the � � particle (from the � � � 0 pair), by back-calculation from the observed products (presumed

to be pions), exceeds the currently accepted massM � + = M � � = 0 :784� 0:111 (units?), then such

an event is cannot be one of our target signal events (energy is conserved).

Real data will not con�rm with 100% certainty which events ar e targets. The more \real

targets" that can be identi�ed, the better the estimates of p arameters associated with the decay

(e.g., total energy, particle masses, etc.). Too many \imposter" events (\soft" cuts) will bias these

estimates, while too many \hard" cuts could eliminate possibly valid targets, leading to greater

uncertainty as well as increased bias in parameter estimates (cf. bias in s, as an (under-)estimate of

the the true standard deviation � , if too much of the `real" population is omitted (especially in the

tails of the distribution). For these two reasons | uncertai nty in event identi�cation and rareness

of events | well-developed simulations are conducted to generate events according to the theory

of the Standard Model, the operation of the detector, the physical laws of particle movements, etc.
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Because the simulation \knows" the events being generated,characteristics of the data from such

simulated known events can guide the analysis of the data from real events.

Some nonparametric estimates of the density of the events from the two simulated populations,

target and background, provide some hope that this strategymay be useful. Because the measured

data on each event, as it occurs in the accelerator, can be used to only infer the identity of the

event (target or background), simulated data, based on a complex rendition of the Standard Model

(that governs particle behavior), the mechanical and electrical features of the accelerator, and the

measurement process, are used to simulate events, so the identities (type of decays involved) are

\known."

Collecting all simulated events that resulted in the speci�c target decay of interest, one can

construct nonparametric density estimates (NPDEs) of the features that are \measured" on them,

and compare these estimates with those obtained on the simulated background events. In addition,

becauseb quarks (and henceB -mesons) are known to be produced at only certain very high energy

levels, one can be sure that \real" (not simulated) events that are observed when the accelerator is

running at lower energy levels (\o�-peak running") cannot p ossibly be \target" and hence must be

\background." So one can also compare the NPDE on the data from the simulated target events

with the NPDE on the data from the \o�-peak" (real, presumed b ackground) events. (The implicit

assumption in such a comparision is that the \background" events that arise during such \o�-

peak" running occur in the same proportions as the \real" background events when the accelerator

is running at b-quark-producing energy levels. This assumption is deemed plausible from the theory

governing the Standard Model but cannot be formally proved.)

Statisticians traditionally have focused on optimal techniques for relatively small data sets (that

can be downloaded into a single worksession)and simple density functions to describe observations.

Current problems involve massive data sets/streams, combinations of events from complex distri-

butions, and e�cient processing times for each event (see, e.g., Braverman 2008). Some attempts

at addressing these problems will be described in the next section.
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5 Data-based reduction of background

As noted earlier, the huge number of events that occur in a SLAC experiment | about 1 event

every 10nanoseconds, or enough to �ll about 200 DVDs each day | demand a \triage" strategy.

Initial �ltering steps (called \triggers") discard data fr om over 99% of events whose mechanisms

are well understood. SLAC saves data from about 100 eventsper second. An examination of 8.64

million events each day demands enormous processing, most of which again are �ltered, based on

the raw data. The remaining data are processed through hundreds of compute programs which

return information about momentum (in 3 directions), charg e, and energy in particles whose tracks

are recorded. Further computer programs identify particles (with some indicators of con�dence in

the identi�cation) and then assemble the particles and tracks into presumed \events" (based on

the calculated data | momenta, charge, energy | from the iden ti�ed particles). For example, if

a particle is noted with a positive charge and mass 0.14GeV/c2, the computer program is likely to

identify it as a positively-charge pion (� + ).

The uncertainty in particle identi�cation raises challeng es, but even more challenging is the

event reconstruction from particle tracks. Tracks from multiple events will occur at the same time,

within the limits of data capture. To illustrate the problem s involved in this process, refer again

to Figure 3, which shows the tracks of 10 particles. In this rendition of the detector, the radius is

on a log scale, to better highlight the most interesting activity nearest the origin of the event(s).

Particle identi�cations are shown in boxes (e.g., \pi-" and \K+") Particles that are detected in

the outer shell are muons, as only muons have su�ciently longlifetimes to travel to the \muon

solenoid." The muon shown at the bottom of the plot is identi� ed as� + with 2.521GeV. Not all 10

tracks may have arisen from the same event, so one must not only identify the most likely event(s)

that took place, but also \reconstruct" the event(s) with th eir associated tracks.

The data variables that have been deemed useful in describing our target � + -� � events are:

1. � E = change in energy from beginning to end of decay (this shouldbe zero, within measure-

ment error; if it is not, then the data calculated on the event are inconsistent with accepted

physical laws (i.e., conservation of energy);

2. mB = calculated mass of the B-meson particle (currently accepted value for the B-meson is

5.25{5.29 GeV)
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3. Tthr = thrust temperature

4. m� + , mass of the apparent� + particle

5. m� � , mass of the apparent� � particle

6. H1 = helicity angle 1

7. H2 = helicity angle 2.

Figures 5, 6, and 7 provide some hope that this strategy may bepossible. Figure 5 shows

the nonparametric kernel density estimate (cf. R function, density(data, kernel=`gaussian')

(default bandwidth), for three variables computed from data collected from \known" events in

the simulation (red dash line) and from data collected from events that occurred during \o�-peak

running" (solid black). (To maintain consistency in the comparisons, the \o�-peak running" data

also come from the simulation; Figure 4 suggest that the datafrom them are similar.)

The simulated signal data set has 5,913 events; all but 20 have Bmass> 5.265. The simulated

\o�-peak" (background) data set has 9,937 events that include a B-meson in their decays, but only

2,404 haveBmass> 5.265. We therefore compare the estimated pdfs from these 2,404 simulated

\background" events with a random selection of the 5,913 \simulated rho" events, �rst on these

three variables: change in total energy, denoted �E ; mass of B particle, denotedBmass ; and

thrust temperature, denoted Tthr . The top row shows the estimated pdfs and the bottom row

shows the di�erence in their square roots (i.e.,
q

f̂ of fpeak (x) �
q

f̂ sim � rho (x), as a function of

x, where f̂ of fpeak (�) and f̂ sim � rhow (�) denote the estimated pdfs from o�peak and simulated-rho

events, respectively). In all three cases, the data from thesimulated rho events have pdfs much

more narrowly concentrated in a smaller range, while the data from the o�-peak events have broad

pdfs. The same is true for the estimated pdfs in the mass of therho particles shown in Figure 6.

The estimated pdfs for the helicity angles, shown in Figure 7, are not so distinctive when viewed

marginally, but the bivariate density of H1 and H2 jointly ap pear very di�erent between the two

sets of events (see below).
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Figure 5: Kernel density estimates of the probability density functions (pdfs) of � E (left), Bmass

(middle), and Tthrust (right). Estimates from data on simulated background events are shown as a

solid black line; those from data on simulated target (rho) events are shown as a dotted red line.

The bottom row shows the di�erence in the square roots of the estimated pdfs, which highlights

regions where the former is more dense (less dense) than the other.
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Figure 6: Kernel density estimates of the probability density functions (pdfs) of Mrho+(left) and

Mrho+(right). Estimates from data on simulated background events are shown as a solid black line;

those from data on simulated target (rho) events are shown asa dotted red line. The bottom row

shows the di�erence in the square roots of the estimated pdfs, which highlights regions where the

former is more dense (less dense) than the other.
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Figure 7: Kernel density estimates of the probability density functions (pdfs) of H1 (left) and H2

(right). Estimates from data on simulated background events are shown as a solid black line; those

from data on simulated target (rho) events are shown as a dotted red line. The bottom row shows

the di�erence in the square roots of the estimated pdfs, which highlights regions where the former

is more dense (less dense) than the other.
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The pdfs in the simulated-rho events are much more concentrated than those for the background

events. For the 5,913 signal events, the mass of the B particle averages 5.279 GeV (standard

deviation 0.0034) and � E has mean 0.012 GeV (standard deviation 0.058). A bivariate plot of the

normalized Bmassversus the normalized � E variables is roughly circular; cf. Figure 8. Similarly,

the masses of the� + and � � particles have means 0.784 (standard deviations 0.110). Again, a

bivariate plot of the normalize Mrho- versusMrho+is roughly circular; cf. Figure 9. (Actually the

plot is somewhat cross-shaped, with more density in the N, E,S, W directions and somewhat less

density in the NW, NE, SE, SW directions.)

These bivariate plots suggest two useful variables:

� BErad = [Euclidean distance of (delE, Bmass) from (0, 5.28)]
1
3 (after standardizing delE and

Bmassby their SDs)

� Mrad = [distance of (Mrho+, Mrho-) from (0.784, 0.784)]
1
3 (after standardizing Mrho+ and

Mrho- by SD = 0.1100)

(We use the cube root of the Euclidean distance because the squared distance is expected to be

roughly chi-squared, and the Wilson-Hilferty approximati on to normalize the chi-squared distri-

bution is ( � 2)
2
3 .) We then consider these four features for distinguishing signal from background

events: BErad (� E-Bmasstransformed radius); Mrad (transformed radius in the plot of Mrho-

versusMrho+); H1(Helicity angle 1); H2(Helicity angle 2).

We de�ne three intervals of roughly equal density of signal events for each variable:

� BErad: (0, 0.88, 1.28, 3.1)

� Mrad: (0, 0.88, 1.28, 2.8)

� H1: ({0.5, {0.016, 0.457, 1.0)

� H2: ({0.5, {0.004, 0.457, 1.0)

resulting in 81 cells of data. If the variables are independent and and the coverage is uniform, we

expect 2404/81� 30 events per cell. We then plotBmassversusdelE for all 81 combinations, in 9
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Figure 10: Kernel bivariate density estimates (pdfs) of the helicity angles (H1, H2). The top

row shows the estimates from data on simulated background events; the bottom row shows the

estimates from data on simulated target (rho) events. The left column shows estimates based on

the R function kde2d; The right column shows estimates based on the R functionbkde2D. The

simulated rho events yields two peaks, centered at roughly (H1, H2) = (0.2, -0.2) and (-0.2, 0.2),

that do not appear in the estimates from simulated background data.
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�gures. Each �gure corresponds to one of the 9 (H1, H2) cells, and a red \r" indicates a data value

from a target rho event, while a black \b" indicates a data value from a background event. In each

�gure, Figure 11 to Figure 19, one sees an overwhelming preponderance of black \b"s in the lower

right corner, as well as in the two plots adjacent to it, corresponding to either one or both values

of the transformed radius (BErad or Mrad) exceeding 0.88,regardless of the values of(H1, H2). In

some cases, the \b"s are prevalent whenBErad > 1.28, even whenMrad is small (� 0:88).

In each of the 9 �gures, the subtitle indicates the \signal to noise" ratio of \r" counts to \b"

counts. Which of these 81 ratios is \statistically signi�ca nt"? We use the familiar Poisson test of

equal rates (Lehmann 1959, Sec. 4.5): under the null hypothesis of equal rates, the r-count should

have a binomial distribution with parameters ( n = r-count + b-count, p = 0.5). By the false

discovery rate criterion (Benjamini and Hochberg 1995), 50(respectively, 47) of the 81 ratios are

\signi�cant" at � = 0 :05 (respectively, 0.01) when the p-values of the individualtests fall below

0.013 (respectively, 0.008), which occurs in these regions:

� whenever point is close to center of (delE,Bmass) plot AND is close to center of (Mrho+,Mrho-)

plot (i.e., ( radius )
1
3 < 1:28)

� whenever point is very close to center of one plot but distantin second plot, if H1and H2are

close to their means.

The table of the r-count/b-count for the signi�cant ratios i s given below:

H2 = 1 H2 = 2 H2 = 3

44/1 32/2 46/6 46/1 48/1 40/4 33/2 32/1 21/9
H1=1 43/3 23/0 | 47/1 35/5 41/10 32/2 18/3 |

| | | | 33/18 | | | |

54/0 40/1 36/4 37/0 29/0 31/8 23/0 15/1 |
H1=2 35/1 26/4 32/15 45/1 26/2 36/7 25/0 24/2 |

33/13 | | 31/10 29/11 | | | |

35/3 30/2 | 21/0 23/1 | 48/1 30/6 45/19
H1=3 30/4 23/3 22/8 25/2 29/5 | 41/7 35/8 |

| | | | | | | | |

Although this analysis does not prove that rho events can occur only in the stated regions, the

analysis does guide the search for target events, reducing the regions of interest to a small fraction

of the space presently under consideration. Certainly sometrue target events may be missed, but

the cost of searching for them in such low-density regions may not be worth the time and e�ort of

sifting through the overwhelming proportion of background events in such regions.
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6 Summary and future work

This analysis demonstrates the importance of data pre-processing, variable summarization and

transformation, and meaningful displays, especially whenthe data are voluminous and prohibit

individual investigation of each data value. The analysis also suggests the importance of robust

analyses, to better focus on the regions containing a signi�cant majority of signal events. We

still need exploratory plots, as we need to characterize, using available data, both the signal and

background populations. We also need to recognize that the variables in which the data are given

need not be the most useful sets without additional transformation and combination (in this case, to

normalized radii of two particular variables). Explorator y data analysis helps to identify the natural

\units" (or features) for study, and suggests useful displays for streaming data. But scientists must

bear in mind that displays ultimately will be monitored by no n-statisticians, so their interpretation

must be clear:

\Churchill Eisenhart ... de�ned practical power as the product of the mathematical

power by the probability that the procedure will be used. A compact procedure may well

be used so much more often as to more than compensate for its loss of mathematical

power."

| J.W. Tukey, \A Quick, Compact, Two-Sample Test to Duckwort h's Speci�cations,"

Technometrics 1(1), p.32
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Figure 11: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BErad and Mrad, when helicity angles H1< 0:016 and H2< 004; i.e.,

are in categories 1 and 1, respectively. Note the preponderous of signal events when bothBErad

and Mrad are in categories 1 or 2.
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Figure 12: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 1 and 2, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 13: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 1 and 3, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 14: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 2 and 1, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 15: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 2 and 2, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 16: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 2 and 3, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 17: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 3 and 1, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 18: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 3 and 2, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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Figure 19: Plots of the data from simulated rho events (red \r") and simulated background events

(black \b"), by category of BEradand Mrad, when helicity angles are in categories 3 and 3, respec-

tively. Note the preponderous of signal events when bothBErad and Mrad are in categories 1 or

2.
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