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Abstract

One of the most outstanding mysteries in the Universe is the nature of dark mat-

ter. In this thesis, two unique projects that focus on understanding dark matter

are presented. First, Machine Learning is used to detect background signals in the

DEAP-3600 direct detection dark matter experiment. Machine Learning algorithms

are found to achieve a near order of magnitude improvement on discrimination of sur-

face backgrounds ove a standard position reconstruction algorithm. To ward against

over-fitting, the algorithms are fit to real data before being tested on simulated data.

Validation is done by modifying the detector simulation and recording the change in

performance. It is found that the Machine Learning algorithms are robust to small

changes in the optics of the detector and so would be stable for use on the real data.

The second project is a study of the intrinsic scatter of a scaling relation and its

potential tension with the dark matter hypothesis. The Radial Acceleration Relation

(RAR) relates the observed radial acceleration in a galaxy to that expected from a

purely baryonic mass distribution. Lelli et al. (2017) have suggested that the RAR

may have zero intrinsic scatter. If true, this would be inconsistent with the Λ Cold

Dark Matter (ΛCDM) paradigm, but a natural prediction of Modified Newtonian

Dynamics (MOND). A large sample of galaxies is collated from six independent sam-

ples, representing over an order of magnitude increase in the amount of data available
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to examine this scaling relation. To test the zero scatter hypothesis, a Monte-Carlo

simulation with a zero intrinsic scatter assumption is constructed; observational un-

certainties are then re-introduced to the data. This technique shows observational

uncertainties are too small to account for the observed scatter in the relation. It

is found that the RAR is consistent with standard ΛCDM models and that it has

an intrinsic scatter of order 0.13 dex (∼ 50 % of observed). Further tests show that

these results cannot be explained with non-circular motions or correlations with other

galaxy parameters.
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Chapter 1

Introduction

1.1 Motivation

One of the most pressing goals of modern astrophysics and astroparticle physics is

the identification and characterization of dark matter. Many phenomena indicate

the presence of an as yet unexplained source of gravitational force at large scales.

Galaxies, Galaxy Clusters, Cosmic Microwave Background (CMB) fluctuations, and

the structure of the universe itself can only be understood in a context with dark mat-

ter (Freeman 2017). Despite its ubiquity in the universe, dark matter has eluded more

direct study. Attempts to produce or directly detect dark matter have thus far been

unsuccessful (CMS Collaboration 2017; Aprile et al. 2018). With gravity as the only

method of observing it, even the rough distribution of dark matter within a galaxy

remains challenging to determine (Bovy and Tremaine 2012). This thesis presents two

distinct studies on dark matter projects, with a focus on using techniques which are

generally applicable in their area of analysis. In the first project, Machine Learning

is used to tackle a common problem in direct detection dark matter projects. The

second project is heavily dependent on accurate measures of uncertainty, and so the
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analysis focuses on general principles for computing reliable measures of uncertainty

through multiple levels of calculation.

A common type of background that direct detection dark matter experiments must

contend with is surface contamination, in Part I, a powerful technique for addressing

this is explored. The active volume of the detector will always have some boundary

that interfaces with the rest of the detector and it is common for small amounts of

radioactive materials to get deposited at this boundary during construction (Cai et al.

2011; Jillings and DEAP Collaboration 2016; Lehnert 2018). To eliminate false dark

matter signals, a fiducial volume is selected out of the active volume of the detector

using position information from the event signal to eliminate any signal that is too

close to the active volume boundary (thus central parts are kept) (Pollmann 2012).

The process of selecting events from the fiducial volume is often complex and requires

a unique position determination algorithm for each detector (Olsen 2009; Akerib et al.

2018). The performance of the algorithm can have a large impact on the sensitivity of

an experiment and so great effort is put into them. In this thesis the use of Machine

Learning is explored for the purpose of improving fiducial volume calculations in

the specific case of the DEAP-3600 dark matter search experiment. Similar steps

can easily be adopted in other experiments as the Machine Learning algorithms are

generally applicable. By employing general purpose algorithms, analysis teams can

save time in development and devote more resources to validation of the algorithm; as

is done in this thesis. This work is timely: as the level of sophistication of dark matter

search experiments increases, it becomes advantageous to exploit more subtle aspects

of the detector, rather than making simplifying assumptions. With conventional

methods, tailoring an algorithm to a specific experiment can be tedious and time
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consuming, in Machine Learning it is done automatically.

Scaling relations are one of the primary methods of studying galaxy formation

and evolution. The parameters that describe a galaxy can range over several orders

of magnitude. Size, Mass, Rotational Velocity, Luminosity, Colour, Concentration,

and Scale Height are just a few of many parameters that are used to describe a

galaxy (Bland-Hawthorn and Gerhard 2016). These can be paired into scaling rela-

tions, such as a match between luminosity and the rotational velocity that is com-

monly used as a distance indicator (Tully and Fisher 1977; Mathewson and Ford 1996;

Courteau 1997). A recently proposed scaling relation is the Radial Acceleration Re-

lation (RAR) which compares the radial acceleration between that from observations

and what would be expected from visible matter alone (Lelli et al. 2017). When

presented, it was claimed that this relation had too little scatter to be described by

the standard Λ Cold Dark Matter (ΛCDM) paradigm. In this thesis, the Lelli et al.

(2017) claim is examined using more advanced uncertainty calculations and over and

order of magnitude more data. By more carefully propagating uncertainty from the

original measurements to the final calculated quantities, it is found that some scatter

cannot be explained by observational uncertainties alone. Thus it is found that with

a more careful analysis, ΛCDM is consistent with the observations, and the intrinsic

scatter is found to be on the order of 0.13 dex.

Both of these projects are designed to lead towards a common goal of an exciting

PhD program. Recent advances in the fields of Machine Learning and data mining are

now enabling applications to sub-fields of physical science that rely on complex data

analysis. As we enter an era where large datasets exceed a size that can be examined

manually (Ivezić et al. 2012; Abolfathi et al. 2018; Gaia Collaboration et al. 2018),
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one can search for subtle interconnections and high dimensional patterns by taking

advantage of these new Machine Learning techniques. The upcoming PhD project will

focus on discovering these subtle patterns in galaxy structure and dynamics, taking

advantage of the large amount of data now available and preparing for future datasets

from large surveys (Ivezić et al. 2008; Racca et al. 2016). Part I is clearly well suited

to develop experience with Machine Learning algorithms. These will be central to the

PhD analysis as the primary tools for discovering patterns in high dimensional data.

Part II has two major aspects which are relevant. To test the RAR, several datasets

have been compiled, these data will be the focus of analysis for the PhD. Also, the

tests performed in Part II primarily focused on uncertainty in the measurements.

The techniques used to make these uncertainty measurements are generalized enough

that they can be applied to Machine Learning algorithms as well. While Machine

Learning has been applied to many problems in physics, it is still in its infancy and

often uncertainties are omitted as they are challenging to compute for such complex

algorithms. The ability to compute meaningful uncertainties for these algorithms will

be a major component of the future PhD work. While the techniques in both Part I

and Part II are not novel, their application to the search for new understanding of

galaxy structures and dynamics will be.

1.2 Dark Matter

1.2.1 Observational Signatures

In the 1930s, Fritz Zwicky used the virial theorem to demonstrate that galaxy clus-

ters had more mass than was expected from photometric observations (Zwicky 1933;

van den Bergh 1999). By observing the light from each galaxy in a cluster, it is
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possible to predict how much mass is in the cluster. This is because gas and stars

produce light in predictable distributions and so a mapping can be created between

light and mass (Conroy 2013). It is also possible to measure the line of sight ve-

locity of a galaxy from the Doppler shift of its light. The virial theorem can then

determine the amount of gravitational mass needed to bind objects moving at those

speeds (Heisler et al. 1985; Binney and Tremaine 2008). Since Zwicky’s original obser-

vations, other measurements have demonstrated a discrepancy between gravitational

mass and visible mass. In the 1970s, Vera Rubin observed the rotational velocity of

the Andromeda galaxy and saw that the rotation curve did not decrease as R−1/2

as expected, but instead remained flat (Rubin and Ford 1970). A rotation curve is

a measure of the average rotational velocity as a function of radius in the disk of a

galaxy, explained further in Section 10.2.2. Using the luminosity profile of a galaxy,

it is possible to determine an estimate of the surface mass density and, consequently,

the rotation curve of that galaxy (Toomre 1963; Binney and Tremaine 2008). While

Vera Rubin used Hα measurements of HII regions, the results were later confirmed

with observations at radio wavelengths of the neutral hydrogen 21 cm emission line.

Just like with Zwicky’s galaxy clusters, the visible mass did not match with the

Newtonian mechanics gravitational mass predictions unless large mass-to-light ratios

were invoked (Bosma and van der Kruit 1979). Many other observations have been

made that show a discrepancy between visible mass and gravitational mass (Arnaud

2005; Planck Collaboration et al. 2016a; Freeman 2017) leading to the prediction of

some form of extra gravitation that does not interact with light (Faber and Gallagher

1979). There are many proposed models that could describe this phenomenon, in

broad terms they fall into three categories described in Sections 1.2.2 - 1.2.4.
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1.2.2 Massive Astrophysical Compact Halo Objects

It was possible that some regular matter had simply been missed. The most popular

version of this is called a Massive Astrophysical Compact Halo Object (MACHO), and

they were postulated to be asteroids, dwarf planets, and black holes among others.

Efforts to find and characterize MACHOs determined that they could not account for

the mass discrepancy (Patrignani 2016). Using microlensing, it would be possible to

detect flickering in luminous objects as they are obstructed by a MACHO (Paczynski

1986). Gravitational microlensing would temporarily brighten objects in a character-

istic signature that has thus far not been observed to the degree necessary to account

for dark matter. There is still parameter space available for black hole MACHOs

and searches continue (Chapline and Frampton 2016; Wang et al. 2018; Carr and Silk

2018). However, most focus has moved to other possibilities due to the unfavourable

experimental results so far and lack of clear motivation. Models of the early universe

indicate a large non-baryonic component to the universe which for a MACHO could

only be black holes.

1.2.3 Modified Newtonian Dynamics

A second possibility to describe the discrepancy was that the laws of physics are

simply different at the large scales where these measurements are made. Just as

General Relativity replaced Newton’s Law of Universal Gravition for a larger scale

of mass, distance, and time, it is possible that at the galactic scale a new physical

understanding is needed. Modified Newtonian Dynamics (MOND), first proposed

by Milgrom (1983) is an alteration to Newtonian dynamics that is able to recover
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rotation curves as observed in galaxies. It does this by introducing a somewhat ad-

hoc modification of Newton’s second law at low acceleration in roughly the regime

where galaxy rotation curves depart from predictions. Alternatively, one can modify

Newton’s Law of Universal Gravity directly. This modification takes the traditional

Newtonian ~F = m~a and adds a term to give: ~F = mµ(a/a0)~a. The function µ(x)

has the properties µ(x � 1) ≈ 1 and µ(x � 1) ≈ x; the scale constant would

have a magnitude on the order of a0 ≈ 10−10 ms−2. The modification at Newtonian

scales is assumed to be recoverable from a modification of Relativity, there are several

directions this could take but as yet it is not clear how this would be done (Milgrom

2015).

An immediate consequence of MOND is that galaxy rotation curves should be

flat after a certain radius. As demonstrated in (Milgrom 1983) (and reproduced here

for continuity) at large radii one can assume mostly circular orbits and a constant

enclosed mass. This means the standard gravitational acceleration is g = GMr−2

and the standard acceleration is a = V 2r−1. At large r the acceleration is low and

so the modified acceleration becomes a→ a2a−1
0 . The speed of a test particle is then

V 4 = MGa0, which has no radial dependence. This consequence was the inspiration

for the form of MOND and it thus not a prediction, but a fit to the data. It also

follows from this, and an assumption of minimal variation in mass-to-light ratio, that

a relationship between luminosity and rotational velocity should be observed. This is

indeed the case, known as the Tully-Fisher relation it is one of the most useful scaling

relations in galaxy physics (Tully and Fisher 1977).

Another consequence, which will be explored more deeply in Part II is the strength

of the link between gravitational acceleration and baryonic matter. In MOND there
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is no dark matter (or very little) and so all of the gravitational force is generated by

visible matter, albeit through a non-Newtonian relation. This implies there must be

a perfect relation between the two, whereas dark matter explanations include hidden

matter which can undergo its own dynamics and be distributed in a non-trivial way.

While this would seem a clear avenue for distinguishing MOND from other models, it

has traditionally been very challenging to accurately measure the baryonic mass in a

galaxy. That is still the case, but newer studies (Roediger and Courteau 2015; Zhang

et al. 2017) provide careful analyses of uncertainties in these mass measurements,

coupled with large datasets it is possible to measure these variations. Indeed, the

impetus for Part II are exactly these kinds of measurements.

Rotation curves are not the only evidence of dark matter. Gravitational lensing

has been observed for many systems to determine their mass distribution and has

revealed special cases such as the Bullet Cluster (Clowe et al. 2006). This is actually

two clusters of galaxies that are in the early stages of a collision, a process that

will eventually merge them into one larger cluster. Using gravitational lensing it is

observed that the majority of the mass passed through the collision unobstructed,

leaving a large cloud of gas between the two clusters that can be observed using x-

ray band telescopes (Clowe et al. 2004). Gas from the two clusters interacted very

strongly and so was unable to pass through the collision along with the rest of the

mass. A significant amount of the baryonic mass in a cluster is known to be in the

form of gas (Mathews 1978; Kravtsov and Borgani 2012), so it is very challenging

to explain in a MOND framework while simultaneously matching other dark matter

signals such as rotation curves. In modern astronomy and cosmology, one of the

strongest pieces of evidence for particle dark matter (and thus against MOND) is
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the Baryon Acoustic Oscillations (Bond and Efstathiou 1984). By observing the

CMB it is possible to observe characteristic length scales of density waves travelling

through the plasma of the primordial universe (Planck Collaboration et al. 2016a). It

is challenging for MOND to model these length scales in a satisfactory way; the CMB

seems to indicate the existence of a form of matter that interacts graviationally, but

not electromagnetically. However, MOND is not entirely inconsistent with the CMB,

and so there are some who continue to investigate it (Sanders and McGaugh 2002;

Kiselev and Timofeev 2012; McGaugh 2016; Lelli et al. 2017).

1.2.4 Particle Dark Matter

The third possibility, then, is a new particle beyond the standard model, a particle

with mass and a small cross section with the other forces. One initial possibility

was that the dark matter could be in the form of neutrinos. Because of their high

speed, neutrinos could not clump together at the scales observed in our universe to

create the galaxies and other large scale structures (White et al. 1983). Along with

many others, a leading candidate for particle dark matter is the Weakly Interacting

Massive Particle (WIMP) (Feng 2010). The reason it is called “weakly interacting”

is that the hypothesized particle has an interaction strength with standard model

particles that is similar to that of the weak nuclear force (Patrignani 2016). After

exhausting other possibilities it was realized that a WIMP would have to be a new

particle outside of the standard model, such as (but not limited to) the ones predicted

by Super Symmetric models (Pagels and Primack 1982; Patrignani 2016).

Supersymmetry represents a family of possible extensions to the standard model

that all introduce a new symmetry between fermions and bosons (Cooper et al. 1995).
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A compelling part of supersymmetry is that it was developed to solve a number of

other problems in physics such as the hierarchy problem. Only afterwards was it

discovered that supersymmetry naturally produces WIMPs without tuning (Patrig-

nani 2016). This is called the WIMP Miracle as the hypothesis naturally generates

WIMPs with roughly the correct primordial abundances when weak scale interac-

tion strengths are assumed. Current experiments have begun to probe the parameter

space of possible supersymmetric dark matter particles without success (Aprile et al.

2018).

Another leading candidate today is the Axion (Peccei 2008; Sikivie 2010). Similar

to Supersymmetry, an Axion comes from the introduction and breaking of a new

symmetry in the standard model (Weinberg 1978). These particles would be ex-

tremely light, on the order of 10−5 eV/c2. This means that they would have unusual

properties, for example forming Bose-Einstein condensates in galaxies (Sikivie and

Yang 2009). Thus far, experiments have not detected this potential form of dark

matter (Asztalos et al. 2010).

1.2.5 Dark Matter Detection

WIMP search experiments can be placed in three categories: direct detection, indi-

rect detection, and production. Direct detection experiments focus on observing an

interaction between dark matter and standard model particles in a controlled envi-

ronment. Indirect detection experiments look for signals of dark matter annihilations,

such as gamma ray emission lines predicted by some dark matter models. In accel-

erator experiments, the hope is to produce dark matter (which would immediately
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exit the system undetected) and deduce the existence of a particle from missing mo-

mentum that it would carry away from the interaction. The Large Hadron Collider is

an accelerator experiment that has begun to exclude some of the simplest supersym-

metric models (Baer et al. 2013; Patrignani 2016). In the near future there will be

direct detection experiments that test some of the most promising parameter space

for WIMPs predicted by supersymmetry (Cushman et al. 2013). This is a very ex-

citing time for the field, with the potential to discover a supersymmetric particle or

tightly constrain the model.

A WIMP is very challenging to observe in a direct detection experiment. First,

a target nucleus must be chosen, this choice determines what phase space of WIMP

masses and interactions the experiment will be sensitive to. The highest sensitivity

will occur for WIMPs that are of similar mass to the target nucleus. The interaction

can also be spin-dependent or spin-independent, meaning that the cross section is

impacted by the spin of the target or the atomic number respectively (it is of course

easier to find targets with high atomic number than high spin). Interactions between

WIMPs and regular matter should occur very rarely and will deposit energy via

interactions with the nucleus of an atom causing a nuclear recoil (Boulay and Hime

2006). This is also how neutrons interact, making them a source of background signal

that many direct detection dark matter experiments must address. It is necessary to

shield any detector from cosmic rays as best as possible, otherwise any signal would be

indistinguishable from the high rate of background. This is generally accomplished by

going underground and using the Earth as a shield. For example, the muon particle

flux at the surface of earth is roughly 15×106 m−2day−1 as opposed to 0.27 m−2day−1

in the SNOLAB facility (Duncan et al. 2010). For most other cosmic rays, such as
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protons and gamma rays, the expected flux from the surface is zero over the lifetime

of the experiment. WIMPs would be essentially unobstructed by the earth, allowing

them to enter the detector. It is also important that a dark matter detector is built

from materials with low concentrations of radioactive material, as it would negate

the benefit of going underground if there was still a high rate of background events.

For what little activity remains, projects must go to great lengths to characterize the

backgrounds to reliably distinguish them from a dark matter signal.

1.2.6 The Λ Cold Dark Matter (ΛCDM) Paradigm

As the culmination of many observational signatures, the Λ Cold Dark Matter (ΛCDM)

paradigm represents the standard model of cosmology. Its name combines the obser-

vations of accelerating expansion of space and characterizes how dark matter acts on

large scale structure. At the largest scales, this model reproduces observations from

the local universe to the CMB. It combines a general relativistic understanding of the

universe using the Friedman-Lemâıtre-Robinson-Walker (FLRW) metric (Dodelson

and Efstathiou 2004) with a prediction of a new particle (Feng 2010). These come

together to simultaneously describe a universe which is expanding at an accelerating

rate, and in which local structure grows with time as minute quantum fluctuations

from the early universe are amplified.

The accelerating expansion of space was first discovered with type Ia supernova

distance measurements (Riess et al. 1998; Perlmutter et al. 1999). This could be

achieved in general relativity with a constant Λ which contributes to Einstein’s field

equation (Zel’dovich 1968; Frieman et al. 2008; Planck Collaboration et al. 2016b). Λ

acts as an energy density which does not decrease as the universe expands; meanwhile
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the matter energy density decreases as a−3 (i.e. with volume) where a is the FLRW

scale, and radiation energy density decreases as a−4 (i.e. with volume and redshift).

It is observed that at large scales matter forms clusters, filaments, and voids with

specific statistical properties (Peacock et al. 2001). Yet at early times, the universe

was extremely smooth, with temperature fluctuations in the CMB being of order a few

hundred µK (Planck Collaboration et al. 2016a). Thus, some mechanism must have

caused these structures to evolve. Cold dark matter represents a family of particle

models in which the particle is kinematically cold (has non-relativistic velocities at

the time when major structures were formed) and so can condense into gravitational

potential wells to form the halos in which we observe galaxies and clusters today.

In certain parametrizations, CDM is capable of generating the observed large scale

structure in simulations (Springel et al. 2006).

In ΛCDM, galaxies and clusters form hierarchically, with smaller structures form-

ing first and combining to form larger structures with time (Schneider 2006). Merging

structures form larger ones in a chaotic process that can rearrange the matter in a halo

and even combine with different fractions of dark matter to baryonic matter (Red-

dick et al. 2013). In ΛCDM the distribution of baryonic matter and dark matter

within a galaxy is quite different although gravity can act between the two in several

ways (Dutton et al. 2007). The complexity of phenomena described by ΛCDM is

remarkable given that it has so few parameters (Λ and one particle).
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Chapter 2

Outline

Part I explores the use of Machine Learning algorithms for the purpose of improv-

ing the background suppression in DEAP-3600. Surface background events occur at

the boundary of the active volume in the detector and must be identified by posi-

tion reconstruction. To begin, Chapter 3 lays out useful information for the project.

Section 3.1 describes the design of the detector and the background management

analysis. Section 3.2 introduces primary Machine Learning concepts, with basic de-

scriptions of each algorithm used in the thesis. The analysis begins in Chapter 4 by

calibrating/training and testing all algorithms in simulation, where the truth infor-

mation is known completely. Here it is found that the Machine Learning algorithms

are able to work alongside a standard position reconstruction tool (MBLikelihood) to

reduce the background rate by nearly an order of magnitude. However, using only

the simulator raises concerns that the Machine Learning algorithms might overfit

specifics of the simulator and not properly represent the real detector. To address

this, Chapter 5 explains how it is possible to train the Machine Learning algorithms

with data directly from the detector. It is not possible to adequately test the al-

gorithms on detector data, but it is shown that the algorithms perform just as well
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at discriminating simulated surface events even when trained solely on real events.

With the Machine Learning algorithms trained on real data, Chapter 6 tests them on

simulations with modifications to the model of the detector. By observing how their

performance changes, given reasonable changes to the detector model, it is possible

to get a sense of how robust the algorithms are. In all cases, the Machine Learning

algorithms roughly match the trends observed in MBLikelihood, which was the bench-

mark for comparison as it was specially designed for DEAP-3600. Finally, Chapter 7

tries to find other aspects of the algorithms that may be behaving pathologically. In

Section 7.1 it is seen that lower energy events are, as expected, more challenging to

classify, and in Section 7.4 it is shown that using more than one Machine Learning

in tandem with MBLikelihood provides no extra benefit. Section 7.2 shows that the

simulator is indeed different from the real data from the perspective of position re-

construction as there are clear differences in how events are distributed in the two

cases, with the Machine Learning algorithms being the most sensitive to the differ-

ences. With improved position reconstruction it is possible to choose a larger fiducial

volume, Section 7.3 demonstrates how much can be gained in this direction. A criti-

cal aspect of live analysis is the processing speed, Section 7.5 shows that all but one

of the Machine Learning algorithms can potentially be applied to the live analysis.

Chapter 8 summarizes the results and considers avenues for further exploration to

improve performance or check that the algorithms are behaving as expected.
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Chapter 3

Detector Description and Analysis Overview

3.1 DEAP-3600

Using a liquid argon target volume, DEAP-3600 is projected to be sensitive to a cross

section of 10−46 cm2 for a spin-independent WIMP-nucleon interaction with a WIMP

mass of 100 GeV/c2 (DEAP-3600 Collaboration et al. 2017). A significant factor

involved in reaching that sensitivity is a detailed understanding of all backgrounds in

the detector, as well as robust mechanisms for discriminating them from a potential

WIMP signal. However, this projected sensitivity is only possible thanks to the

extreme care that was taken in the design and construction of the detector, which is

discussed in this section.

3.1.1 Design

DEAP-3600 is located in the SNOLAB facility, located 2 km underground in Sudbury

Ontario, which provides shielding from cosmic rays (Duncan et al. 2010). The detector

is contained in a steel shell that is submerged in a large water tank. Located inside

the steel shell, an 85 cm radius Acrylic Vessel (AV) is designed to hold 3600 kg of
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liquid argon in a sphere. A nominal central fiducial tonne of liquid argon has been

defined as the target volume for dark matter searches. The fiducial volume is chosen

to be central, away from the surface where higher background rates are expected.

Currently the detector is operated in a partial fill configuration with approximately

3300 kg of liquid argon total. This is due to an engineering design issue that could

lead to a seal failure and radioactive contamination being introduced into the active

volume if the detector was filled completely. Bonded to the AV are 255 cylindrical

acrylic Light Guides (LGs) which optically couple the argon volume to an array of

255 Photo-Multiplier Tubes (PMTs). The LGs attached to the AV provide 76 %

coverage facing the argon volume, but leave gaps that are filled by blocks of stacked

high density polyethylene and insulating layers called Filler Blocks (FBs). All of this

is shown in Figure 3.1. The LGs and FBs provide neutron shielding for the argon

volume, which is very important as neutrons can mimic a WIMP signal. PMT glass

is a significant source of neutrons and was one of the primary reasons for including

the LGs and FBs to distance the PMTs from the active volume. Also, a thermal

gradient is maintained between the liquid argon at −200 C◦ and the PMTs at −20 C◦

by the LGs and FBs, this is an ideal temperature range for the PMTs. The acrylic of

the LGs and AV is opaque to the scintillation light produced within the liquid argon,

thus a thin layer of wavelength shifter 1,1,4,4-tetraphenyl-1,3-butadiene (TPB) was

deposited on the inner surface of the acrylic sphere. A more detailed description of

the design can be found in (Jillings and DEAP Collaboration 2016).
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Figure 3.1: Design of the DEAP-3600 detector sliced through the meridian. Not
shown is the TPB layer on the inner surface of the AV.

3.1.2 Stages of an Event

An event begins when a WIMP, alpha, neutron, etc. interacts with an 40Ar atom

causing it to ionize or excite, and recoil. The recoiling nucleus may ionize or excite
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more 40Ar atoms until it slows down. Excited 40Ar atoms form dimers that can exist

in two spin configurations; a singlet state with spin 0, or a triplet state with spin 0 or

1 (1 for two members of the triplet and 0 for the other). When the dimers decay they

emit scintillation light, but the timescale of that delay into a photon is suppressed

for the triplet because of its spin. Thus, there are two characteristic lifetimes for this

decay: 7 ns and 1.6µs, depending on the spin state (Hitachi et al. 1983). Nuclear

recoils are more likely excite the singlet state, while the different excitation path of

electronic recoils is more likely to excite the triplet state.

The scintillation light is emitted isotropically with a wavelength of 128 nm; this

is below the excitation energy of an individual 40Ar atom meaning that the light can

travel mostly unobstructed through the argon volume. When a photon reaches the

TPB surface it is absorbed; the TPB then emits a photon with a direction chosen from

an isotropic distribution, the photon wavelength is drawn from a distribution peaked

at 420 nm (Pollmann et al. 2011). As it can now travel freely through both liquid argon

and acrylic, the photon is directed up a light guide by total internal reflection until it

reaches a PMT and may be detected. The PMTs are 8 inch, high quantum efficiency

Hamamatsu R5912 tubes with a quantum efficiency of approximately 25 %. Each

PMT outputs a charge that is recorded and integrated for each event, which can be

measured for an individual PMT or as a total for all 255 PMTs. The integrated charge

is converted to a measure of the number of photo-electrons liberated within each PMT,

called QPE (Q for charge and PE for photo-electrons). The QPE measurement only

approximately represents the number of photo-electrons, as it may count other effects

such as afterpulsing. Afterpulsing is a process by which back diffusing ions from the

cascade process can create extra pulses later in the waveform. These extra pulses
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may erroneously be identified as photoelectrons (Lindner 2015).

3.1.3 Background Management

The first stage of background management is simply the location of the detector at the

SNOLAB facility. By going far underground most cosmic rays are blocked. The most

notable surviving cosmic radiation is the muon flux, which is only 0.27 m−2day−1 (Dun-

can et al. 2010). The few residual muon events can be vetoed using an array of PMTs

outside the steel shell, but inside the water tank; these detect Cherenkov radiation

as a muon travels through the water. The water tank itself shields from radioactive

sources in the lab or the rock of the mine. SNOLAB is a class 2000 clean room,

reducing the amount of radioactive material that the detector was exposed to during

construction. Most notably, radon in the air can be deposited on the AV during

construction, so it is critical to have a clean facility. Some amount of contamination

during construction was inevitable, so the inner surface of the AV was sanded away in

a pure nitrogen environment immediately before liquid argon filling. Another primary

way that the background is managed is by selecting materials for low radioactivity, es-

pecially the acrylic which was specially manufactured to be as clean as possible. The

argon used is very pure, and an on site purification system cleans the argon imme-

diately before it enters the detector. The purification system is specifically designed

to remove radon, nitrogen, and oxygen as these are radioactive or can decrease the

scintillation efficiency. It was not possible to choose a sufficiently low radioactivity

material for the PMTs and so part of the job of the LGs and FBs is to separate them

from the active volume. These along with countless other design decisions have lead

to an exceptionally low background budget (Jillings and DEAP Collaboration 2013,
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2016; Lehnert 2018).

With extreme care taken to mitigate sources of radioactivity, only trace amounts of

a few radioactive elements are left. The final stage of background management comes

from a detailed understanding and strong discrimination of these sources. 39Ar occurs

naturally at about 10−16 g 39Ar
g Ar

in liquid argon (Benetti et al. 2007). At approximately

3600 Hz, DEAP-3600 observes 39Ar beta decays. These 39Ar betas are discriminated

from WIMP-like events using their pulse shape in time (see Section 3.1.2), which has

a characteristically high fraction of light later in the pulse; that fraction is called

fprompt. Specifically, fprompt is calculated as the ratio of integrals
∫ 150

−50
V (t)dt and∫ 15000

−50
V (t)dt where t is in nanoseconds and V (t) is the amplified voltage output from

the PMTs. The discrimination power of fprompt is of order 1010 in the energy region

of interest (DEAP-3600 Collaboration et al. 2017). Pulse shape discrimination does

not work for nuclear recoil events such as those which are generated by 210Po alpha

decays. 210Po events occur at the surface of the AV, both the recoiling nucleus and the

produced alpha have a very short mean free path, meaning that all light is produced

from a point in or near the acrylic surface. For this reason it is desirable to only select

events which occur in the bulk of the argon volume, away from the acrylic, for further

analysis. The volume in which events are accepted is called the fiducial volume.

Several position determination algorithms were created for use in DEAP-3600, among

them is the MBLikelihood algorithm. With a 3D position computed for each event it

is possible to select a geometry within which events are accepted for further analysis

(for example, a centred sphere). The purpose of Part I will be to assist MBLikelihood

(or any other position reconstruction algorithm) with properly characterizing events

as background or signal, hence optimizing the the fiducial volume, and the sensitivity
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of the experiment.

3.1.4 Fiducial Volume by Position Reconstruction

The focus of this work is on using the QPE charge information from the array of 255

PMTs to recover the position of an event in the detector. Due to the use of TPB and

the size of the detector, it is challenging to use timing information from the PMTs

to determine the location of an event. TPB re-emits the wavelength shifted photons

on a timescale of 11 ns (Pollmann et al. 2011), with this uncertainty in the timing of

light arriving at a given PMT the uncertainty in position would be on the same order

as the radius of the detector. Instead, the relative charge in each PMT is analyzed

to extract the position of an event. An event depositing energy in the argon will

emit light isotropically. If that event occurs in the centre of the detector then, on

average, light should be evenly distributed in the PMTs. For an event which occurs

near the surface of the detector, a small number of PMTs will subtend a large solid

angle and collect a disproportionately large fraction of the total light. The Region

Of Interest (ROI) includes events that will induce as few as 120 photo-electrons in

the PMTs. This is smaller than the number of PMTs surrounding the detector,

meaning that Poisson noise is a dominant source of uncertainty. This makes the

task of position reconstruction difficult, but it is still possible to extract position

information from the relative charges. Position reconstruction is further complicated

by the TPB layer at the argon/acrylic interface, which wavelength shifts the light and

re-emits it isotropically (Pollmann et al. 2011). A great deal of effort has been put into

the position reconstruction algorithms for DEAP-3600 to address these difficulties.

There are only a few deviations from spherical symmetry in DEAP-3600 (Jillings
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and DEAP Collaboration 2016). One of the largest deviations being the partial fill

geometry which can cause asymmetries by total internal reflection at the liquid-gas

interface. For an event that occurs in the liquid argon, reflections at the liquid-gas

interface will reduce the amount of light seen by the PMTs above the interface. For an

algorithm that assumes spherical symmetry, this effect will cause the reconstructed

position to be biased downwards as the algorithm is presented with reduced light

in the top PMTs. Another deviation from spherical symmetry is the neck of the

detector. Light that travels up the neck will be lost to the array of 255 PMTs and so

will not be accounted for in position reconstruction, again biasing the reconstructed

position to be lower in the detector. A less impactful source of asymmetry comes

from the placement of the PMTs. While the spacing is generally regular, there are

11 locations where an extra large gap occurs (often called a pentagon as there are 5

PMTs adjacent to it). If an event occurs on the surface in front of one of these gaps

then it is more likely for light to be reflected to the opposite side of the detector and

cause the reconstructed position to move towards the centre of the detector. These

sources of asymmetry must be accounted for during position reconstruction to achieve

an optimal resolution.

The MBLikelihood algorithm performs a likelihood maximization routine on the

position of an event. MBLikelihood is trained/calibrated using simulated data at

various locations in the detector, which are chosen to give a representative sample

of radial and angular positions. Using the training data, a table is generated which

gives a Probability Density Function (PDF) of the charge in each PMT. PDFs are

generated as a smooth function of r and θ, excluding φ as the detector is effectively

symmetric to rotations about the z-axis. It is then possible to determine the 3D
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position of an event by searching for the maximum likelihood PDF (with φ chosen

afterwards to maximize likelihood for a given r and θ).

Using tests in a Monte-Carlo simulation it has been shown that MBLikelihood

performs very well at reconstructing the location of each event, with a radial random

uncertainty in position of order 8 cm near the surface and slightly worse towards the

center (Rethmeier 2017). Position uncertainty can also determined using Bismuth-

Polonium (BiPo) tagging in the detector (Xu et al. 2017). Trace amounts of 222Rn in

the liquid argon has a decay chain resulting in 214Bi which undergoes a beta decay to

produce 214Po, this quickly undergoes alpha decay (∼ 160µs) to produce 210Pb which

has a longer lifetime. By scanning through the data for alpha events preceded by a

high energy beta event, it is possible to find pairs of events that occur at effectively

identical locations. A comparison of the reconstructed locations of the two events can

give the random uncertainty in MBLikelihood position determination, which roughly

agrees with simulations. This does not, however, identify systematic biases in the

position reconstruction.

Using the reconstructed MBLikelihood position a fiducial volume is selected to

contain one tonne of liquid argon. The fiducial volume of one tonne is chosen for

consistency throughout the thesis in order to make meaningful comparisons between

algorithms. While the DEAP-3600 collaboration may choose to use a different size

for the fiducial volume, it is expected that a value of one tonne is close enough to

provide a relevant validation of the method. In Chapter 7 the effect of choosing a

different fiducial volume size is explored briefly. For simplicity, this thesis will always

consider a spherical geometry for the fiducial volume centred at the centre of the

AV. The DEAP-3600 collaboration may choose to use a non-spherical geometry for
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the fiducial volume, but a sphere will likely be close to the final geometry. The

fraction of events that occur at the surface of the detector, but reconstruct inside

the fiducial volume will be called the surface event leakage or leakage for brevity and

when the context is clear. The fraction of events which occur in the liquid argon

and are reconstructed within the fiducial volume will be called the Acceptance and is

generally treated as a free parameter to be fixed such that the fiducial volume is one

tonne.

In the context of Machine Learning, the problem can be written simply as: given

a vector of 255 PMT charges, output a single value which can be used as a cut to

distinguish surface events from fiducial events. One could simply output a Boolean

value, however it is advantageous to instead output a single continuous value. To

get a binary classification, a threshold value is chosen above which all events are

rejected. In analogy with MBLikelihood, if the fiducial volume is a sphere then the

reconstructed radius of an event is a single continuous value for which a threshold

can be chosen. Any value above the threshold is rejected.

Having 3D information about each event is still useful for other analyses and cuts.

For example, with the partial fill configuration of the detector it is useful to have a

z-axis (parallel to the neck) cut to remove events which occur at or above the liquid-

gas interface. The intention in this thesis is to improve the rejection of surface events,

which can be validated by maintaining the same effective fiducial volume and reducing

the surface event leakage. This has been achieved by allowing MBLikelihood to accept

a larger volume (higher radius threshold); then the machine learning algorithm is used

to remove events until the same effective volume is reached as the original fiducial

volume. An effective volume can be defined based on the uniformly distributed 39Ar,
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a tonne of fiducial mass is defined by a sphere of radius 55.46 cm and would contain

1 kHz of beta events, a tonne of effective fiducial mass also has 1 kHz of beta events

but the geometry containing that volume is no longer well defined. By requiring

that the boosted algorithm have the same acceptance as MBLikelihood meaningful

comparisons can be made about the surface event leakage.

3.2 Machine Learning

This section provides a brief background on Machine Learning as is relevant for this

thesis. A description of classification problems is discussed and why fiducial volume

selection can be interpreted as this type of problem. Preprocessing is a critical step in

Machine Learning, and some of the basic methods are discussed here. Finally, a brief

description of each Machine Learning algorithm is provided with reference to more

detailed material. The algorithms used in this analysis were: Logistic Regression,

Support Vector Machine, Neural Network, Naive Bayes, and K-Nearest Neighbours.

For more detailed descriptions, see Shai Shalev-Shwartz (2014) and accompanying

references.

3.2.1 Classification

Machine Learning focuses on the goal of generating a mapping from inputs ~x to out-

puts ~y, where the mapping is learned from sample data and is intended to represent

an underlying distribution. The outputs ~y can be discrete, in which case the map-

ping is called a labelling or a classification problem. If the output has come from a

continuous distribution, then the mapping is a regression problem. A large number

of tasks can be easily formulated as classification problems. In many classification
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tasks, the decision is binary. In this thesis the output will be a scalar with low values

representing fiducial like events and high values representing surface like events (in

analogy with the MBLikelihood radius). Once a threshold value is chosen the algo-

rithm outputs a binary decision. However future analyses may be able to use the

scalar value to give a confidence in the prediction on a per-event level. The charges

in each PMT are recorded in a 255 dimensional vector ~x. The task is then to find

a decision boundary in that 255D space that divides fiducial from surface events as

well as possible. Fundamentally the goal is the same as defining a fiducial volume

in 3D space, but this formulation provides access to a host of powerful algorithms

that have been designed to solve this problem in general. Instead of investing time

designing a custom algorithm, one can quickly generate discriminators and test their

performance. Most of the analysis work in Machine Learning is focused on validation

of the algorithm instead of development.

3.2.2 Preprocessing

It is common in Machine Learning to do some form of preprocessing on data before

fitting. This often takes two forms. One is to modify the data with scaling and

translating so that all features are considered equally. For example, if one wanted to

predict the probability of a customer purchasing a house, it might be relevant to know

the price of the house and the number of bedrooms. Two houses to compare could

have price/bedroom input vectors of (400000, 4) and (300000, 2) respectively. Any

algorithm that relied on Euclidean distances (which is most of them) would give no

weight to the number of bedrooms as
√

(400000− 300000)2 + (4− 2)2 is dominated

by the first term. This can be resolved by converting all values into a more consistent
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range, such as (0, 1) or (−1, 1) as appropriate. In this case it would make sense to

divide all house prices by 1 million and all bedroom numbers by 6 (for example).

A more extreme version of this is called whitening, which uses principal component

analysis to eliminate correlation between each variable by reorienting basis vectors in

the input space. Whitening ensures that each input to the algorithm provides distinct

information (Ball and Brunner 2010).

The second form of preprocessing involves feature selection or dimensionality re-

duction. This is the process of deciding what information is the most useful for an

algorithm in its analysis. The simplest form of this is just dropping some of the data,

for example in the house buying predictor it is likely not helpful to know the height

of the previous owner. This can speed up the training of the algorithm as it does

not have to search through as many possibilities. Often called the curse of dimen-

sionality, the difficulty (training time) of determining a decision boundary increases

exponentially with the number of input dimensions. Most Machine Learning algo-

rithms are designed to increase computation time with the number of dimensions as

O(dn) where d is the number of dimensions and n is an integer; this is a considerable

gain compared exponential O(ed) time increases, but can still easily be prohibative if

d is large. Still, large gains can be made by disposing of useless information.

More complicated preprocessing can involve doing some calculations before the

algorithm sees the data. For example, in the house buying case it might be useful for

the algorithm to know the ratio of bedrooms to bathrooms instead of, or in addition

to, knowing each parameter individually. This way the focus of the algorithm is on

the most important aspects of the data.
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3.2.3 Hyper-Parameters

The training process in Machine Learning involves optimizing a set of parameters that

define the decision boundary for that algorithm. However, there are some parameters

which define the behaviour of the training process itself, or represent attributes that

should not be altered during the training process. For example, when performing

gradient descent to minimize some function L (for example the squared difference

between predicted value and true value) one updates the parameters as follows:

xi+1 = xi − α
∂L

∂xi
,

the updated xi+1 parameter value is modified by α ∂L
∂xi

in the direction of the minimum.

The value α in this procedure is a hyper-parameter as it determines the behaviour of

the training routine. A high value of α will move quickly towards the minimum, but

may overshoot or be unstable. A low value of α may take far too long to reach the

minimum and would waste computation time. It is also possible to alter α adaptively

while fitting, however this just means that one’s choice of technique is a form of

hyper-parameter. As the shape of the parameter space being optimized is not known

ahead of time, it is necessary to try several values of α in order to select one which

behaves well for a specific problem.

The values chosen for the hyper-parameters can have a large impact on the per-

formance of a Machine Learning algorithm. It is often not clear how to choose the

best value for each hyper-parameter and so a grid search is generally used, but there

are techniques to converge faster (Bergstra and Bengio 2012). Some algorithms have

a large number of hyper-parameters making the training process computationally
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expensive as multiple versions of the algorithm must be trained to find the best per-

forming one. No Machine Learning algorithm will perform well on all problems (called

a no free lunch theorem in Wolpert and Macready (1997)), but having more hyper-

parameters can make an algorithm more versatile. Neural Networks are notorious for

having large numbers of hyper-parameters, including multiple types of regularization

and several ways to arrange the nodes in the network (Glorot and Bengio 2010). The

trade off for having so many hyper-parameters is that Neural Networks can have ex-

ceptionally good performance once trained. The key features of a number of Machine

Learning algorithms are described in the following sections.

3.2.4 Logistic Regression (LR)

The Logistic Regression classifier defines a hyperplane that separates two classes in

the N dimensional space defined by the domain of the input vector ~x (Ng and Jordan

2002). The training process involves computing a weight vector ~w and an offset b so

that for any given input ~x the function:

f(~x) =
1

1 + e−(~x·~w−b) ,

will return values close to 1 for one class, and 0 for another. The form of the function

restricts the value to the range (0, 1) and in some situations can be interpreted as a

probability. This classifier is very quick to train and run, as its largest computation

is a single dot product. It has become a standard classifier to apply first on any

problem to see if a simple linear decision boundary is sufficient before investing time

and energy in more complicated algorithms.
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3.2.5 Naive Bayes (NB)

A Naive Bayes algorithm analyzes individual inputs separately (Ng and Jordan 2002).

It assumes that each variable in the input is independently distributed and then

uses Bayes theorem to compute the posterior probability that a new event belongs

to a class based on the sample data provided during training. The ultimate goal

of any Machine Learning problem would be to compute the probability P (~y|~x) or

in other words: the probability of a label being correct for a given input. That

probability is not feasible to compute directly, so the Naive Bayes algorithm makes

the assumption that every dimension of ~x is independent. Explicitly, the assumption

made is: P (xi|~y, x0, . . . , xi−1, xi+1, . . . , xn) = P (xi|~y) where the form of P (xi|~y) can

be chosen as seen fit for a given problem. For this thesis, the chosen form of P (xi|~y)

is the common Gaussian function:

P (xi|~y) =
1√

2πσ2
y

e
− (xi−µy)

2

2σ2y ,

where µy is the mean and σy is the standard deviation. The final probability assigned

to a given label is determined from this naive interpretation of Bayes theorem as:

P (~y|~x) =
P (~y)Πni P (xi|~y)

P (~x)
. To determine the class for a given input, the label with the

highest probability is chosen. The factor P (~y) is chosen from the relative frequency of

the labels given in the training set, or can be chosen to be uniform if the proportions

in the training set are thought to be contrived. The factor P (~x) is not computed as

it will be the same for every label, and so does not contribute to the classification.

(Pedregosa et al. 2011)

Take, for example, spam detection in email, which amounts to assuming that

the probability of each word appearing is independent, but that some words are
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more commonly associated with spam. Thus, the conditional probability of the email

being spam given that the word “free” is in the email might be high, but a name from

your contact list would have a low probability. Each word will have a probability of

appearing in any email (its frequency) and a probability of being associated with

spam, which can be used together to provide a probability that an email is spam.

Taking into account many words will give a good impression as to whether or not

a given email should be classified as spam. It is obviously incorrect to assume that

the appearance of any word is independent of the others, but this approach performs

very well at some tasks (Domingos and Pazzani 1997).

3.2.6 Support Vector Machine (SVM)

In its most basic form, a Support Vector Machine creates a linear hyperplane that

best separates two classes, similar to the Logistic Regression algorithm. If the sample

data is linearly separable then the Support Vector Machine training algorithm places

its decision boundary half way between the populations (Cortes and Vapnik 1995;

Suykens and Vandewalle 1999; Tong and Koller 2001). Noise in the data may make

the two classes cross, in which case a penalty in the optimization routine can be

used to handle misclassified sample data. For a new event ~x one can compute the

distance to the plane using an inner product, a threshold value (often 0) of the result

decides which class that event belongs to. However, not all data is linearly separable

and the real power of Support Vector Machines comes from how they manage this.

Using a kernel function ψ, defined by the user, which represents some metric of

distance between any two events, a Support Vector Machine maps data into a higher

dimensional space where it is linearly separable. The resulting high dimensional
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decision boundary can be represented by a subset of the training data chosen during

training. The decision boundary is then defined by scalar weights ai associated with

each training data sample ~ti so that a new event can be labelled using this formula:

d(~x) = b+
∑
i

aiψ(~x,~ti),

where b is a scalar offset just as with a linear function. To choose a kernel function

some measure of similarity is needed between events; many of them are based on

Euclidean distance, but in some environments there may be a more suitable distance

metric such as the taxicab metric (distance only moving along grid-lines) when move-

ment is confined to a grid (Thompson 2011). A commonly used kernel function is

called the radial basis function, which takes the form: ψ(~x, ~y) = e−γ||~x−~y||
2

where γ

is a hyper-parameter (Pedregosa et al. 2011). The radial basis function is simply a

Gaussian evaluated on the Euclidean distance between two events. Thus, the label of

an event ~x is determined by the weights ai of the training samples that are nearest to

it in Euclidean distance. Another common kernel is the polynomial kernel which takes

the form: ψ(~x, ~y) = (~x ·~y+ c)d, where c and d are hyper-parameters; when d = 1, one

has a linear kernel. In this thesis the Linear Support Vector Machine (identified as

LSVM) and the Radial Basis Function Support Vector Machine (identified as SVM)

kernels were used.

3.2.7 Neural Network (NN)

A Neural Network combines several simple classifiers into a larger, more powerful

classifier. The simple classifiers are called nodes, where each node is a linear decision

boundary, just like the Logistic Regression algorithm. A node performs a dot product
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with a vector of weights ~w and an input vector ~x the result of which is passed to a

response function ψ to produce a single valued output. The result is: ψ(~w·~x) which is a

scalar value that depends on the response function. Common choices for the response

function are the sigmoid (also called logistic function): ψsigmoid(a) = 1/(1 + e−a),

or the rectified linear unit: ψrelu(a) = max(0, a) (Levin and Fleisher 1988). These

nodes are combined in layers to give a vector of outputs instead of a single value as:

oi = ψ( ~wi ·~x). The weight vectors for each node can be combined into a single weight

matrix, making the calculation for the layer simplify to: ~o = ψ(W~x). With multiple

layers each computation is composed as follows: ~o2 = ψ(W2~o1) = ψ(W2ψ(W1~x)),

which can continue for an arbitrary number of layers (Krizhevsky et al. 2012).

A feed forward Neural Network is designed with at least 3 layers. The lowest

layer is simply the vector of inputs to the network, where one node corresponds to

each variable. The middle layers can be composed of any number of nodes that each

perform a dot product with the output from the layer below and a unique set of

weights. After each node does the dot product it evaluates a response function and

outputs the result for the next layer to use. The final layer will have a number of

nodes equal to the number of classes to be labelled and so classification is determined

by the maximally activated node. By normalizing the sum of the output node values

to be 1, it is possible to get a measure of confidence in a classification as well. If two

or more top nodes have nearly identical activation then the confidence would be low.

There are a great number of node arrangements that allow Neural Networks to

operate in different contexts (Goodfellow et al. 2014; Szegedy et al. 2015). For ex-

ample, convolutional layers are often used in image analysis (Krizhevsky et al. 2012).

Convolutional layers use nodes that only receive input from a small patch of the image
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at a time, encoding the assumption that local information is most important in an

image. Another example is a recursive network, in which the network scans through

the signal only looking at a small segment at a time (Graves et al. 2013). Using some

form of persistence during the scan a recursive network is useful for analyzing signals

in which the direction of time is important. For the purposes of surface event classifi-

cation in DEAP-3600 a feed forward network was deemed to be the most appropriate

choice of architecture.

3.2.8 K-Nearest Neighbours (KNN)

K-Nearest Neighbours belongs to a group of classifiers known as lazy learners. There

is no real training step for K-Nearest Neighbours except to save the training data and

labels in a useful format. When classifying an event, it simply finds the k training

samples that are most similar to it (using the Euclidean distance) and determines

the average class for the k neighbours (Weinberger and Saul 2009). It is also possible

to weight the k neighbours based on distance; this is because training samples that

are more similar to the new event should take priority in determining the class. The

weighting is especially relevant when the parameter space is not densely filled, in which

case a “neighbour” may be very different from the sample just because there aren’t

many nearby. If computation time and amount of sample data is not an issue, then

K-Nearest Neighbours is an excellent algorithm that will always reach an accurate

reflection of the sample distribution (Weinberger and Saul 2009). The computation

time is explored briefly in Section 7.5, K-Nearest Neighbours ended up being quite

slow as it needed to compute euclidean distances for many thousands of samples each

time it made a prediction.
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Chapter 4

Training with Simulated Data

Before moving on to train the Machine Learning algorithms with real detector data,

it will be useful to train them using simulated data. All the truth information is

known for simulated events, meaning that the performance can be reliably measured.

Those reliable measurements, however, are only meaningful to the degree to which

the Monte-Carlo simulation is trusted. By first using the simulated data, a baseline

can be established to determine what sort of performance should be expected later.

Deviations from the baseline could imply over fitting, a poor Monte-Carlo model, or

a faulty assumption in the training procedure with real data.

4.1 Procedure

Training a Machine Learning algorithm requires samples of data that have true labels

already assigned to each event. The accuracy of the “true” labels is ideally perfect

(as in the case of a simulation), but some algorithms are able to handle some noise in

the labelling. This requirement lends itself to simulated data as the true values for

the position of an event can be known perfectly and even controlled to get samples

best suited for training. The goal of Part I is to train algorithms to identify WIMP
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events that occur centrally in the detector against events which occur near the TPB

surface. Thus, two samples will be simulated to represent argon volume events and

surface events. The training procedure will involve separating as many of the argon

volume events from the surface events as possible.

Any true surface contamination should be embedded in the acrylic or TPB and,

when it decays, may deposit energy with daughter particles travelling towards the

argon volume. There are computational challenges to simulating enough of these

events in the energy region of interest for training. Also, it is expected that this

would only make the surface signal stronger as more light is directed towards a few

PMTs for events which deposit energy directly into the acrylic. A small sample was

used for validation of this hypothesis and is discussed later (Section 6.3).

It will be useful to characterize how MBLikelihood performs on these data before

training the Machine Learning algorithms to get a baseline for comparison. After the

algorithms have been trained and the best hyper-parameters selected, their individual

performance will be compared to MBLikelihood. Finally, each algorithm will be used

to boost the performance of MBLikelihood and compared to how any of them would

have performed on their own. With this procedure established, a more robust analysis

will be done in Chapter 5 using real data from the detector.

4.2 Simulated 40Ar Events

The Reactor Analysis Tool (RAT) is used by the DEAP-3600 collaboration as a

synthesized code base for simulation and analysis of data. This makes it easy to use

the same analysis flow on simulated data and measured data. Physics simulation is

performed by GEANT4 (Agostinelli et al. 2003) in a detector geometry defined within
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RAT (Caldwell 2014). This geometry as well as other properties such as the optical

model of the detector materials can be modified with simple commands given in a

macro that RAT reads. This system is capable of simulating a wide array of event

types at any location in the detector or around it.

The hypothesized WIMP interactions and alpha backgrounds deposit energy in

the detector via nuclear recoils. 40Ar nuclear recoils were simulated to use as training

and testing data for the Machine Learning algorithms. There was no attempt made to

have the energy distribution of the 40Ar nuclear recoils accurately reflect the WIMP

interactions or an alpha source (such as 210Po); instead the energy of the simulated

events was chosen such that they produced a uniform distribution in the energy ROI.

This was primarily for two reasons. First is that the energy distributions of WIMPs

and alpha backgrounds have not been fully characterized and so any choice would

only be an approximation. Second, the algorithms were intended to take advantage

of position dependent information only and so should perform as well as possible

at all energies in the ROI. Any non-uniform energy distribution would necessarily

provide the algorithm with less training data in some regions, thus decreasing its

performance. Adding energy dependent information would be its own study and can

be applied independently of the position information (or any of the other cuts). If one

were to evaluate events with a probability of being a WIMP, the energy information

could be thought of as a prior probability distribution applied to the event before

assessing position information. Later in the thesis there will be a discussion of how

the algorithms perform as a function of energy within the ROI (Section 7.1). The

WIMPs and alpha events are simulated in two regions, the first is evenly distributed

throughout the argon volume, the second is evenly distributed in a shell that is 0.5 cm
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thick, going from a radius of 84.5 cm to 85 cm. For both regions the events are only

simulated where there is liquid argon, and so none occur above a z-axis value of 55 cm

(30 cm below the neck).

Many events were simulated to test the fiducial volume analysis. In total, over

10 million events were simulated to perform various tests on the algorithms. To

train the algorithms, 200,000 argon volume events and 200,000 surface events were

simulated. Two more datasets were generated that are similar to the training data,

they were used for validation and testing. The validation data is used to choose the

best performing hyper-parameters for each algorithm and the testing data is used

solely to measure performance.

Only 40Ar recoils were simulated for this analysis. While there are many expected

sources of background events (Cherenkov, 39Ar beta, gamma rays, etc.) at varying

rates, the sole focus of this analysis is position information. On real data, the fiducial

volume analysis is done late in a chain of analysis routines intended to eliminate these

other sources of background. It is thus only interesting for this analysis to measure

the performance of the algorithms on nuclear recoil events at different positions in

the detector. Other studies are done that test a full signal and background model

with a full analysis pipeline.

4.3 Region of Interest (ROI)

Due to the cuts that were applied to define a representative ROI, only about 120,000

out of each 200,000 event set were usable. Only 50,000 of each class are needed for

training, but all surviving events in the testing sets are used to ensure that the noise

in leakage measurements is minimal. The need for 50,000 events was determined
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by training the algorithms on increasing an number of events until their performance

stabilized, which was found to be approximately 30,000 events, then 50,000 was chosen

as conservatively above that without increasing the computation time dramatically.

The majority of the lost events were outside of the energy ROI as the energy resolution

is not perfect. Events with a flat simulated energy distribution will not have a flat

measured energy distribution as the response of the detector is convolved with the

input, thus many events had to be cut. Other cuts had a small effect on the total.

The calibrated trigger time represents how well RAT was able to identify the start

of an event and was used to remove simulated errors in the same way as is used for

real data; in which it often removes pile-up events or other pathological distributions.

A low level flag called calcut is used to identify events that did not meet certain

standards in the data acquisition system, for instance, if the event rate is too high or

if the trigger and digitizer timings are out of synchronization. This cut was used on

the simulated data in the same manner as with real data, however for simulated data

it only removes a tiny fraction of the events. While several other cuts were applied

to get as close as possible to the real data analysis program, the nature of simulated

data means that they were not truly needed and so did not remove many (if any)

of the simulated events. To eliminate Cherenkov events that can occur in the LGs a

parameter called fmaxpe is used; it records the fraction of light in the brightest PMT.

This is because light produced in a LG will illuminate the corresponding PMT much

more than the others. An fmaxpe cut was used to ensure consistency, however almost

no simulated events were cut this way.
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4.4 MBLikelihood on the Simulated Data

Before training and testing the Machine Learning algorithms on the simulated data,

it will be useful to establish a baseline. MBLikelihood can reconstruct a full 3D po-

sition for each event. In this analysis the primary focus is on rejecting events from

the surface, which can be done based on reconstructed radius. Figure 4.1 shows

the reconstructed radius for both simulated argon volume events and surface events.

The argon volume events uniformly fill the volume. The radial histogram for MB-

Likelihood, however, is not uniform in r3 as would be expected for events uniformly

distributed in the detector; this is due to radial biases in the algorithm. The most

striking of these biases is the peak at r = 850 mm as this is where MBLikelihood

places events that fail its likelihood maximization routine. A vertical line is included

in the plot which represents the radius below which there is 1 tonne of liquid argon

which is the nominal value. This threshold value is not placed based on a geometric

volume, but instead by the total number of argon volume events that are accepted.

In the partial fill geometry there are roughly 3300 kg of liquid argon and so to accept

1000 kg a fraction of 1000
3300

liquid argon events should be accepted into the fiducial vol-

ume. This method of computing a fiducial volume will be useful later with algorithms

that do not admit a geometric interpretation. With a radius of 60.5 cm the fraction

of simulated surface events that pass into the fiducial volume is 0.002. This is not

a measurement of the surface event leakage for MBLikelihood in the real detector,

as noted earlier the simulated surface events are not intended to accurately model

surface contamination in the acrylic or TPB. Simulating those events is more com-

putationally expensive and would require more careful consideration as to the energy

spectrum instead of using a uniform value. The surface leakage of 0.002 is still a good
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value against which improvements in position reconstruction can be measured. If the

Machine Learning analysis can reduce that value then it is very likely the true surface

event leakage is lowered as well.

Figure 4.1: Histogram of MBLikelihood reconstructed radius for two populations of
simulated data. One is uniformly distributed in the detector (blue), and
the other is distributed in a shell 0.5 cm from the argon-acrylic surface
(red).

4.5 Training

For training, each algorithm was fit to 50, 000 events classified as surface, and 50, 000

classified as fiducial. The optimization for each model was performed using the sci-kit

learn Python package (Pedregosa et al. 2011). It has numerous classification models,

some of which are described in Section 3.2. As a pre-processing step, the vector of

255 PMT charges were normalized. This removes most information about the total
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charge of the event, but preserves topological information. There are three main

reasons for this.

One is that it allows linear classifiers such as the logistic regression and linear

kernel Support Vector Machine to have a chance of separating the two classes. To

see why this is the case, imagine two PMTs at opposite sides of the detector. An

event in the centre of the detector will generally evenly distribute the charge between

the PMTs, while an event that is close to the surface will disproportionately deposit

light in one PMT. As can be seen in Figure 4.2, the surface events cannot be linearly

separated from the liquid argon events until the charge vectors are normalized to

length 1. Based on this conceptualization of the normalization in 255D it is expected

that the linear Machine Learning algorithms will be able to define a fiducial volume.

The 2D example in Figure 4.2 may not be a perfect conceptualization for the 255

dimensions of the real detector and so non-linear models have also been fit to the

data to see if they can improve performance by considering a larger set of decision

boundaries.

The second reason to normalize the charge vector is to allow the algorithms to

meaningfully make predictions across a wider range of charges without the need to

simulate events at each energy regime. Topologically, the difference between a surface

event and a fiducial event should take the same form at all energy scales. This is only

true as long as the response of the PMTs is linear, which should be the case well

beyond the energy ROI. Another effect which could cause a topological difference in

energy is the signal to noise ratio, which is significant in the energy ROI. The energy

dependence of each algorithm is explored briefly in Chapter 7.

The third reason is that it is desirable to restrict the position reconstruction
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analysis to only eliminate events based on position information. The DEAP-3600

collaboration may want to consider different ranges of energy ROIs, which would not

be possible if the position reconstruction analysis also eliminates events based on

energy. While position reconstruction accuracy should be taken into account when

determining the energy ROI, it is desirable to have control of this cut separately.

Figure 4.2: Cartoon representation of the reasoning behind normalization of PMT
charge vector. The two axes represent the charge recorded in PMTs
opposite to each other. Surface events are red, fiducial are blue. They
are not linearly separable until after normalization.

Nmaxpe is computed as the fraction of light in the N brightest PMTs, up to 5.

It is stored as a vector of length 5, with each element in the range (0, 1). As a second

preprocessing step, the Nmaxpe vector was included along with the 255 normalized

PMT charges. Events that occur near the surface should have higher Nmaxpe values

than events from the fiducial volume as more charge is deposited in a cluster of

PMTs. As discussed in Section 3.2.2 this preprocessing step does not give any new

information to the Machine Learning algorithms, but it does present them with the
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information in a useful format.

4.6 Individual Performance

After training each algorithm with different hyper-parameters, they are tested on a

new dataset. This validation set is used to select the best performing combination

of hyper-parameters. Selecting hyper-parameters is simply another form of fitting,

although a somewhat coarse version of it. A final set of new data is used, called

the testing set, to measure the performance of the best version of each algorithm.

The metric used to select the best algorithm is surface event leakage, such that the

argon volume acceptance is 1 tonne. This is consistent with how MBLikelihood was

assessed in Section 4.4. The performance of the best version of each Machine Learning

algorithm is plotted in Figure 4.3 with MBLikelihood (MBR) included for reference.

The Naive Bayes learner performed the worst by a large margin which indicates

that the information from the PMTs is highly correlated. As discussed in Sec-

tion 3.2.5, the core assumption of the Naive Bayes algorithm is that each variable

is independent. It should be expected that this would be the case as a single PMT

charge does not provide much information, it is only the relative charges that are use-

ful. The other algorithms perform nearly identically. This is unexpected due to the

large difference in power of expression between some of the algorithms. The strong

performance of linear models like the logistic regression and linear Support Vector

Machine indicate that the PMT charge normalization does indeed structure the infor-

mation in a useful way. The best performing model is MBLikelihood, which has just

over half the surface leakage of the best Machine Learning algorithm. It is impressive

that a linear model using only 261 coefficients is capable of coming so close to the
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Figure 4.3: Leakage of each algorithm independently. There is a strong dependence
on performance based on which algorithm is chosen.

performance of the much more complicated MBLikelihood algorithm. With enough

data the K-Nearest Neighbours algorithm will always be one of the best performing

models; the fact that it does so poorly suggests that it could take advantage of more

data. However, with a total of 100,000 sample events used for training it is by far

the slowest algorithm and already not feasible to run in live analysis (discussed in

Section 7.5).
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4.7 Boosted Position Reconstruction

Based on the results from Figure 4.3 MBLikelihood is still the best choice for surface

event classification. However, it is possible that the Machine Learning algorithms

are not identifying the same aspects of surface events that MBLikelihood does, and

working together they might be able to do better than either one individually. This

is accomplished by cutting events using an MBLikelihood threshold and a Machine

Learning algorithm threshold. With two cuts there are an infinite number of combina-

tions that will retain a 1 tonne fiducial volume, but by sampling the combinations it is

easy to choose the combination that has the lowest surface event leakage. Figure 4.4

shows that the leakage is reduced by combining the algorithms.

All of the algorithms were able to reduce the MBLikelihood surface event leakage.

Interestingly, the Naive Bayes algorithm was also able to boost MBLikelihood despite

doing very poorly on its own. For the best performing models this amounted to an

order of magnitude reduction in the number of surface events entering the fiducial

volume. Such a substantial improvement is very surprising, it is reasonable to be

skeptical. The goal of this analysis is to reduce the surface event leakage in the real

detector. If the Machine Learning algorithms have simply learned some peculiarity

of the simulator then they will not be effective at the goal. In Chapter 5 the same

algorithms will be trained using real data to see if they can still achieve the same

performance.
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Figure 4.4: Leakage of each algorithm with MBLikelihood boosted. MBLikelihood
individual performance included for comparison.
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Chapter 5

Trained on Real Data

The Machine Learning algorithms have performed very well when trained and tested

on Monte-Carlo simulaiton data. A natural concern for both MBLikelihood and the

Machine Learning algorithms is that having trained them with simulated data, they

have picked up on some aspect specific to the simulator. It would be preferable

to train the algorithms with detector data. Unfortunately, detector data does not

come with the Monte-Carlo simulation truth information that was used for training

in previous chapter. In this Chapter it is demonstrated that it is possible to train the

Machine Learning algorithms with real data thanks to the classification paradigm.

5.1 39Ar Beta Decay Events

The isotope 39Ar is found in argon with an activity of roughly 1 Bq/kg in beta decays

(endpoint of 565 keV) (Benetti et al. 2007). In a detector with several tonnes of liquid

argon, this results in a kilohertz rate for this signal. This can be reasonably efficiently

discriminated from a WIMP signal using pulse shape discrimination (Boulay and

Hime 2006), but is still useful for calibrating various aspects of the analysis. For

example, the light yield of the detector can be calibrated using the 39Ar signal. While
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the beta events produce scintillation with a different pulse shape in time than alphas

or WIMP-like events, they are all isotropic sources of light and so should deposit light

in the PMTs in a similar way. The uniform distribution of 39Ar in the detector has

been used to validate MBLikelihood and other position reconstruction algorithms.

Now it may be possible to train the Machine Learning algorithms with these data.

5.2 39Ar Event Selection

39Ar beta events are the dominant signal in DEAP-3600 by rate. It is possible to get

a relatively clean sample just by selecting the energy ROI, however further cuts were

applied to remove the next leading background sources. First, a cut in fprompt was

used to eliminate events outside the range [0.2, 0.4], this eliminates many pileup 39Ar

beta events and almost any nuclear recoil event. Fmaxpe was required to be less than

0.4 to eliminate Cherenkov events. The calcut and dtmtrigsrc (a quality flag from

the event trigger module) variables were used to remove cases of high event rate or

timing mismatches in the trigger modules. The neck veto cut was used to eliminate

events that occurred within the neck of the detector. A cut was used to remove any

cases with multiple events in the same timing window. Any events which occurred

within 20µs of another were also removed, so that late light did not contaminate the

signal. Finally, for the events used as argon volume events, it was required that their

MBLikelihood z-axis value was below the fill level by 5 cm.
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5.3 Training with Real Data

The exact location of any individual 39Ar event is not known and so it is not possible

to use this for training the position reconstruction algorithms. This is where an ad-

vantage of position classification becomes apparent. A simple position reconstruction

method used by the collaboration is called the Centroid algorithm. It computes a

3D position for each event by taking the weighted average of the position of each

PMT where the weight is the amount of charge registered by that PMT. While the

Centroid algorithm is not nearly accurate enough to be used to train a position recon-

struction algorithm such as MBLikelihood, it can reliably label very low radius events

and very high radius events. There will be some contamination of the datasets, but

the dominant signal in the sample will be correct labels for real detector data. This

means that 39Ar data can be used to train all of the Machine Learning algorithms

discussed in this paper. Figure 5.1 shows the MBLikelihood radius versus the Cen-

troid radius. It shows that they are in general agreement, with high Centroid radius

events consistently also labelled as high radius by MBLikelihood.

Using 39Ar data, each Machine Learning algorithm was trained using the same

procedure as was done with the simulated data except for the source of the training

data. With 50,000 surface and 50,000 fiducial volume events labelled by Centroid,

each algorithm optimized a decision plane to divide these datasets. To select the

best hyper-parameters, simulated data was used as described in Section 4.2. The

simulated data is still the best reference for comparing surface event leakages and so

is used for hyper-parameter selection and testing. It was possible that the Machine

Learning algorithms only learned to reproduce Centroid; the coefficients for the linear

algorithms (LR, LSVM) were checked and found to have learned, based on the data,
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Figure 5.1: MBLikelihood radius vs Centroid radius with surface (red) and argon
volume (blue).

that the detector is in a partial fill configuration. The coefficients for the PMTs above

the fill level had significantly shifted values compared to those below the fill level. This

is not encoded in the Centroid algorithm and so represents extra information that

the Machine Learning algorithms learned.

5.4 Individual Performance

After the Machine Learning algorithms were trained using detector data and validated

using simulated data, they were tested with a new sample of simulated data. The
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resulting leakage for each model on its own can be seen in Figure 5.2. While the results

are not identical for each algorithm, it is clear that the Machine Learning algorithms

are still able to achieve similar individual performance as in Section 4.6. Naive Bayes

is still the worst performing, with the others again achieving similar leakage values.

As with the simulated data, MBLikelihood has the best performance at roughly half

the leakage of any other algorithm. The fact that the algorithms perform similarly

regardless of which dataset is used to train them is reassuring that the Monte-Carlo

simulation is behaving as expected.

Figure 5.2: Leakage of each algorithm independently. There is a strong dependence
on performance based on which algorithm is chosen.
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5.5 Boosted Performance

The performance of the Machine Learning algorithms was similar when trained with

detector data to the performance with simulated data. This is reassuring and so it

can be expected that they will still be able to boost the MBLikelihood surface event

leakage. Figure 5.3 shows the boosted surface event leakage for each algorithm. The

roughly order of magnitude reduction in surface event leakage is maintained with

the new algorithms. This is very reassuring as it was possible that in Chapter 4 the

algorithms had simply learned to exploit a non-physical aspect of the simulator. As

they have been trained using real data, the fact that the boost remains is strong

evidence that they will be able to help MBLikelihood reject surface events in the real

data as well.
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Figure 5.3: Leakage of each algorithm with MBLikelihood boosted. Shown are the
Machine Learning algorithms combined with MBLikelihood and the sur-
face event leakage of MBLikelihood on its own.
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Chapter 6

Tests with Alternate Datasets

6.1 Modified Optical Model

In the simulator it is possible to modify optical properties of the detector. This can

be used to test how stable the algorithms are. If small changes to the detector cause

large changes in the performance of the Machine Learning algorithms, while not caus-

ing the same changes in MBLikelihood then that would be cause for concern. As the

surface event leakage cannot be accurately measured with real data, it is important

to be able to use simulated data to characterize the Machine Learning performance.

This section demonstrates that for several reasonable changes to the optical model,

the Machine Learning algorithms track the same changes in performance that MB-

Likelihood experiences, validating their robustness.

As changes in the optical model are intended to represent the range of uncertainty

in those parameters when translating between the simulator and the real detector,

it would not make sense to optimize the surface event leakage in the same way as

in Chapter 4. To boost the algorithms in the modified optical model, instead of

selecting the combination of thresholds that gets the minimum surface event leakage
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(described in Section 4.7) one of the thresholds is fixed at the value used for the

default optical model boosting. With one threshold fixed, the other is adjusted until

1 tonne of fiducial volume is obtained. Because of the 39Ar signal, it will always be

possible to calibrate a 1 tonne fiducial volume in real data, but optimizing surface

event leakage may not be possible.

6.1.1 TPB Thickness

A layer of wavelength shifter (TPB) between the acrylic and argon volume was de-

posited in the final stages of the detector construction. This process is very compli-

cated and is discussed in detail in Broerman et al. (2017). The deposition process

was designed to create a uniform layer that is 3µm thick, however there is some

uncertainty on the value. Changing the thickness of this layer has a large impact on

the topology of an event. Light that gets wavelength shifted is scattered isotropically,

which tends to erase some of the position information. The wavelength shifted light

can be scattered multiple times if it does not enter a LG, further erasing the informa-

tion about the initial position of the event in the detector. In the limit as this layer

gets very large, DEAP-3600 becomes an integrating sphere and no position informa-

tion can be gained by observing the PMT charges. To study the effect of different

TPB thicknesses, these values were chosen: 2µm, 2.4µm, 2.7µm, 3.3µm, 3.6µm ,

and 4µm. They were chosen as the uncertainty in the TPB thickness is ±0.9µm and

so they extend to roughly 1σ. Figure 6.1 shows the performance of each algorithm at

the different TPB thicknesses. It is clear that the TPB thickness has a large impact

on the performance of each algorithm, including MBLikelihood. The hierarchy of

performance is always maintained; MBLikelihood on its own performs worse than the
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boosted analysis.

Figure 6.1: Surface event leakage for each algorithm with different TPB thicknesses.
X-axis shows 6 different TPB thicknesses and a bar for each algorithm’s
performance.

6.1.2 Fill Level

DEAP-3600 was designed to be completely filled with liquid argon, but due to a

complication in the cool down process it was only filled to about 55 cm above the

equator. The fill level in the detector can be measured with an uncertainty of about

3 cm using multiple methods. Having a liquid-gas boundary changes the optics of the

detector asymmetrically. It has been observed that the liquid-gas boundary is not

properly reconstructed by MBLikelihood as reflection and refraction at the surface

break assumptions about the spherical symmetry of the detector. The result is a

bent boundary in the MBLikelihood reconstructed position instead of the expected
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flat/constant z value. However, it was not known before this analysis if the liquid-gas

boundary had an impact on the radial distribution. In the simulator one can try

varying the fill level to observe if this has an effect on the surface event rejection

efficiency. To study the effect of different fill levels, these values were chosen: 51 cm,

53 cm, 54 cm, 56 cm, 57 cm , and 59 cm. These were chosen as the uncertainty in

the fill level is 3 cm and so represent roughly a 1σ variation. Figure 6.2 shows the

performance of each algorithm at the different fill levels. It seems that these small

deviations have no effect on the performance of each Machine Learning algorithm.

Figure 6.2: Surface event leakage for each algorithm with different fill levels in the
simulator. X-axis shows 6 different fill levels and a bar for each algorithm’s
performance.

6.1.3 Scattering

A Detailed analysis has not yet been performed in-situ on the scattering length of

argon in the DEAP-3600 detector. In RAT the scattering length is defined as a
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piecewise function of wavelength (Caldwell 2014). Changing the scattering length in

argon has an effect analogous to that of changing the TPB thickness. With a shorter

scattering length there is more information lost while light is travelling through the

argon volume. In the limit as the scattering length becomes very small, DEAP-

3600 would again lose all position information for each event. However, this optical

parameter is different than the TPB thickness as it affects light as it travels though

liquid argon, instead of only at the liquid-acrylic interface.

In RAT, the scattering length is wavelength dependent and so it is recorded in-

ternally for multiple wavelengths and interpolated to get a full wavelength range.

As an optical parameter, the scattering length is controlled by a scaling factor that

is multiplied with all the recorded values. To study the effect of different scaling

lengths, these values were chosen for the scale factor: 5, 3, 2, 0.5, 0.33 , and 0.2.

Studies to determine the scattering length within the detector are ongoing, these val-

ues were chosen to represent a large uncertainty. Figure 6.3 shows the performance

of each algorithm at the different scattering length adjustments. The large varia-

tion in performance is similar in magnitude to the variations seen from changing the

TPB thickness. The important result of this test is that the hierarchy is maintained

between MBLikelihood and the boosted analysis.

6.1.4 Absorption Fraction

As with the scattering length, there has not yet been an in-situ validation of the

absorption length in liquid argon, for scintillation light it is assumed that there is no

absorption. Argon scintillates by creating dimers and then decaying back to individual

atoms. As the energy level structure of the dimers and atoms are sufficiently different,
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Figure 6.3: Surface event leakage for each algorithm with different scattering length
scale factors in the optical model. X-axis shows 6 different scattering
length factors and a bar for each algorithm’s performance.

scintillation light should not be absorbed as it travels in the argon volume (DEAP-

3600 Collaboration et al. 2017). However, there are possible absorption mechanisms,

for example dimers may form in the liquid argon without external excitation and those

could absorb scintillation light. Increasing the amount of absorption will decrease

the amount of information that one has for a given event. For surface events, the

absorption length will have a non-uniform effect on the light since some only has to

travel a short distance to reach the TPB, while light going to the opposite side of

the detector has to travel nearly the entire diameter of the vessel. One could imagine

that this non-uniform effect would be a benefit for position resolution as it would

contribute to the concentration of charge that is characteristic of surface events. At

some point the loss of information would begin to dominate and position resolution
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would get worse. It is not clear how the two effects will balance out, and so it is

worthwhile to investigate.

In RAT, the absorption length is not recorded directly, but instead as a fraction

of scattering events. The absorption fraction determines the number of scattering

events that, instead of scattering, simply eliminate the photon from the simulation.

Changes to the absorption fraction change both the scattering length and the ab-

sorption length. To study the effect of different absorption lengths, these values were

chosen for the scale factor: 0.99, 0.98, 0.97, 0.96, 0.95, 0.94. These fractions represent

having very little absorption, yet likely represent more than would ever be reasonable

in the detector. Figure 6.4 shows the performance of each algorithm at the different

absorption fraction values. It is clear that the absorption length does not have a large

impact on performance for any of the algorithms in the range tested.

Figure 6.4: Surface event leakage for each algorithm with different absorption length
scale factors in the optical model. X-axis shows 6 different absorption
length factors and a bar for each algorithm’s performance.
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6.2 Americium Beryllium Neutron Events

To approximate the signal that a WIMP would create, a neutron source was placed

next to the DEAP-3600 detector. The FBs and LGs perform well as neutron shields

for the argon volume, however some neutrons still made it into the detector. The

resulting events can be used to test various aspects of the analysis. The neutrons

do not interact uniformly in the detector, instead their distribution is exponential

in radius and the majority interact on the side of the detector that has the source.

Neutrons may also scatter and interact multiple times, as long as the interactions are

close to each other this should not impact position reconstruction analysis. Some may

scatter a large distance in the detector before interacting again, these events are not

useful for position reconstruction analysis, but are difficult to discriminate against.

This makes the AmBe source a poor test for the performance of each algorithm, but

can be useful as a check that they treat events similarly. For this thesis it will be

useful to look at these events simply to confirm that the Machine Learning algorithms

do not behave pathologically on a true WIMP-like signal.

In total 6633 events from the AmBe source passed a basic version of the ROI

without a fiducial volume. MBLikelihood accepted a fraction of 0.073 of these events

with a radius set for 1 tonne of fiducial volume using real 39Ar events. The Machine

Learning algorithms had similar acceptances of the neutron events ranging between

0.065 and 0.081 indicating that they all have the same acceptance to within 1σ.

Similarly, the boosted analysis stayed within 1σ acceptance of MBLikelihood for these

events, as shown in Figure 6.5. This suggests a consistent representation of the fiducial

volume for MBLikelihood and the Machine Learning algorithms in the energy ROI. It

is not possible to determine if the boosted analysis is improving surface event rejection
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with this dataset. The primary goal of this section was simply to demonstrate, using

real data, that MBLikelihood and the boosted analysis should have similar WIMP

acceptances.

Figure 6.5: Acceptance of neutron events into a 1 tonne fiducial volume for boosted
Machine Learning algorithms and MBLikelihood.

6.3 210Po Alpha Events

During construction of the detector small amounts of radon diffused into the acrylic

vessel. This element has a decay chain that ends in stable 206Pb. A long lived

intermediate step is 210Po which decays via an alpha particle. The alpha particle has
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a high energy by the standards of DEAP-3600 and most of the time is far outside of

the energy region of interest. However, a small number of them will travel through

the TPB layer losing energy until they reach liquid argon and can mimic a WIMP

signal, falling into the energy ROI of (120, 240) QPE. As the alpha particles have very

short mean free paths in liquid argon, all of the events that appear in the window can

be assumed to have come from the surface of the detector. These are to be eliminated

by choosing a fiducial volume in the argon volume.

Unfortunately it is not possible to consistently identify 210Po events at energies

corresponding the energy ROI, only the high energy ones can be identified easily.

The majority of the 210Po events can be identified within a window of high QPE

(10000, 25000) and fprompt (0.6, 0.8). DEAP-3600 has been carefully designed and

built to have a low background rate; this applies to 210Po as well. The rate of 210Po

alphas in DEAP-3600 is approximately 1.6 mBq (Lehnert 2018) and so only a small

collection (compared to 39Ar betas) of them can be found in the data set, totalling

roughly 6000. Because of their high energy it would be expected that this dataset

of 210Po events should be easily distinguished from fiducial volume events due to the

high signal to noise ratio.

Analysis thus far has been concerned with events in the energy ROI, or QPE values

in the range (120, 240). To analyze the leakage of the 210Po events initially, a dataset

of 39Ar events was used to define the fiducial volume with QPEs in the energy ROI.

This meant that the argon volume events and surface events in this analysis had

vastly different energy scales. When the MBLikelihood surface event leakage was

computed for this dataset, the 210Po event leakage that resulted was 5.4 %. This is

much larger than expected, implying that perhaps the low energy 39Ar events do not
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define the fiducial volume properly for high energy events. The 39Ar beta spectrum

ends at roughly 4000 QPE and so a collection of events near this endpoint was used.

The resulting 210Po event leakage reduced to 3.8 %, which is still far larger than was

expected.

Figure 6.6 shows the leakage of 210Po events into a fiducial volume defined by real

39Ar events from the high energy dataset for each algorithm boosted with MBLikeli-

hood and including MBLikelihood for comparison. Interestingly, for the 210Po events

the Machine Learning algorithms provide very little benefit to MBLikelihood if at

all. In fact, the benefit could quite easily be within error as the improvement is less

than 3σ. It is reassuring that the leakage does not increase when using the machine

learning algorithms on their own or in the boosted analysis. However, due to the

dependence of position reconstruction at different energy scales it is not clear that

this sample of 210Po events makes any significant statement about the performance

of the boosted analysis in the energy ROI.

These results indicate that efforts to eliminate the energy dependence of the ma-

chine learning analysis were not entirely successful for extreme differences in energy.

There must be some topological difference between surface events in the range (120,

240) QPE and the range (10000, 25000) QPE. One possible explanation is that the

low energy events are much more strongly affected by noise sources such as Poisson

statistics, dark noise, and after-pulsing. At high energy the signal to noise ratio is very

different; this would change the topology of high energy versus low energy events. It

is also possible that other effects, such as clipping and PMT saturation are impacting

the results (Lindner 2015). These effects are known to occur in this energy range and

can change the amount of charge in a PMT, breaking assumptions that are made in
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the low energy regime.

Figure 6.6: Leakage of 210Po events at high energy into a fiducial volume defined
to keep 1 tonne using real 39Ar from the higher energy tail of the beta
spectrum.
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Chapter 7

Further Characterization

Fiducial volume event selection is a complicated problem, this chapter investigates

a few of the questions left open by the analysis in earlier chapters. Chapter 4 and

Chapter 5 focused solely on reducing the surface event leakage in the ROI, however

that is not a complete story. With the ROI pushed to as low an energy as possible,

Poisson statistics fluctuations can become a dominating factor in performance. It is

interesting to determine how the performance of each algorithm changes as a function

of energy within the ROI. Another aspect of the analysis is the size of the fiducial

volume, it is possible that the relative performance of each algorithm is dependent on

the size of the fiducial volume. Another brief analysis shows why it is only useful to

use a single Machine Learning algorithm to boost with MBLikelihood instead of two

or more. In the last section there is a discussion of the runtime for each algorithm,

showing that some of the Machine Learning algorithms take far longer to perform a

classification than the others.
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7.1 Energy Dependence

The ROI for the DEAP-3600 dark matter search will ideally be pushed to the lowest

energy possible. The number of photo-electrons generated in the PMTs from an

expected WIMP signal will be of the order ∼ 100 − 250, which is less than the

number of PMTs. This means that the amount of information that an algorithm

has to work with is very limited and errors are dominated by statistics. To observe

this effect, surface event leakage is plotted as a function of the total number of photo-

electrons measured in all PMTs. Figure 7.1 shows that for each algorithm the leakage

increases consistently as the total charge decreases, including for MBLikelihood. This

is as expected, and there is not much that can be done to mitigate this effect, it is

purely determined by the light yield of the detector. It is worthwhile to observe

these trends to make sure that the Machine Learning algorithms (and MBLikelihood)

have not simply learned to discard all events with low energy, or any other energy

dependent decision boundary. It was plausible before doing this analysis that the

algorithms had been able to minimize leakage by rejecting all events below a certain

energy, which are the most difficult to identify. It is undesirable for the position

reconstruction algorithms to do this as the low energy threshold should be decoupled

from the fiducial volume analysis. Based on Figure 7.1, it is clear that the energy

dependence is consistent with MBLikelihood and so likely the decision boundary is

not energy dependent, it is only being limited due to the statistical noise.

7.2 Differences in Simulated and Real Data

It is expected that the simulated data and the real data will be slightly different. The

model of the DEAP-3600 detector is undergoing continuous improvement, especially
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Figure 7.1: Surface event leakage as a function of the energy (QPE) of an event.
Statistical noise is a major factor in surface event discrimination and so
a measurable dependence on charge is seen for all algorithms in the ROI.

as the first data are being analyzed. It is therefore not surprising that the Machine

Learning algorithms and MBLikelihood behave differently on the two datasets. The

simplest way to investigate the difference is with data that are uniformly distributed

in the detector. While almost any dataset can be achieved in Monte-Carlo simulation,

the real data is more complicated, but 39Ar beta decays provide a uniform signal that

is easy to acquire in large numbers. Figure 7.2 shows a comparison of the output

parameter for a few of the Machine Learning algorithms and MBLikelihood. There

are a few main features to notice.

The first is that the difference is much more pronounced in the Machine Learning

algorithms. This indicates that the Machine Learning algorithms are more sensitive

than MBLikelihood to changes in the detector configuration, however Section 6.1
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shows that they should be robust to small changes. By computing a fiducial volume

threshold for each dataset, it is expected that discrimination power will still be pre-

served and relative performance in simulation will translate to relative performance

on data. The differences that are seen suggest that it would be unwise to make claims

about the absolute surface event leakage, but the statement that the boosted perfor-

mance is superior to MBLikelihood on its own is considered robust. It is possible

that the Machine Learning algorithms could be used to identify specific differences

between the simulation and real data, however this is beyond the scope of this thesis.

The second striking feature is that when moving from data to simulation, the

fiducial volume thresholds all move in the same direction. Specifically the fiducial

volume threshold for data is higher than the threshold for simulation. This suggests,

somewhat inconclusively, that each algorithm is picking up on the same difference be-

tween real and simulated data. The shift from data to simulation has events classified

systematically more like fiducial volume events. This could indicate that the noise

model in the simulator is in fact set too high, as this would cause events to appear

systematically lower in radius. However, any strong statements about the noise model

or other reasons for this systematic shift are outside the scope of this thesis.

The third feature that is apparent in Figure 7.2 is that the shape of the distri-

butions for the Machine Learning algorithms are different. The simplest explanation

for the different shapes is from the way each algorithm defines its decision bound-

ary. For example, the Logistic Regression (LR) algorithm requires the output to be

in the range [0, 1] meaning that a bias in the events in either direction (surface or

fiducial) would cause a pileup of events near the 0 or 1 boundary. This is only a

problem with the histogram as it uses equal width bins, the output is continuous and
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so there should always be a one-to-one mapping that would realign the distribution

in whichever direction is desired.

(a) (b)

(c) (d)

Figure 7.2: Comparison of the output parameter for Logistic Regression (a), Linear
Support Vector Machine (b), Support Vector Machine (c), MBLikelihood
(d) on real (red) and simulated (blue) data. Datasets are assumed to be
uniformly distributed in the detector. For the sake of comparison, only

the dot product output is used for LR as the 1/(1 + e−~a·
~b) function does

not allow real and simulated distributions to be visually compared.

7.3 Fiducial Volume Size

All analyses performed thus far have assumed a 1 tonne fiducial volume. With better

surface event discrimination it may be possible to increase that. Figure 7.3 shows the
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surface event leakage as a function of fiducial mass for simulated 40Ar events using

the default optical model. The figure shows that when using the boosted algorithms

the surface event leakage increases exponentially with fiducial volume, while the MB-

Likelihood algorithm has a slight curve in its surface event leakage as a function of

fiducial volume. To match the surface event leakage of MBLikelihood with a 1 tonne

fiducial volume the boosted analysis can accept 1.5 tonnes. This is an incredible in-

crease in fiducial volume and could translate to significant increases in exposure, or

reduced runtime for the experiment to achieve its physics goals. It is also interesting

to note that the boosted algorithm has less of an impact as the fiducial mass gets

very large. Above a fiducial volume of 2 tonnes there is little benefit at all from using

the boosted analysis.

7.4 Multi-Boosting

After training the Machine Learning algorithms and using them individually to boost

MBLikelihood it is natural to ask if the leakage can be further reduced by using all

algorithms together. The answer is that there is no benefit from combining them.

This is because they all learned roughly identical decision boundaries. A histogram

matrix in Figure 7.4 shows that most of the Machine Learning algorithms have an

output that is strongly related. Using a dataset of real 39Ar beta events the output

parameter for each algorithm was plotted against each of the other algorithms to

create the off diagonal images. On the diagonal, a histogram is included which shows

how the events are distributed for the corresponding algorithm. The different shapes

in the scatter plot matrix are created by different definitions of distance from the

decision plane. For example, the linear Support Vector Machine algorithm uses the



7.4. MULTI-BOOSTING 75

Figure 7.3: Surface event leakage as a function of chosen fiducial volume for MB-
Likelihood and MBLikelihood boosted with the corresponding Machine
Learning algorithm. The smaller the fiducial volume, the greater impact
the boosted analysis has on surface event leakage. This can be seen in the
narrowing of the gap between MBLikelihood and the boosted algorithms
at higher fiducial volume.

Euclidean distance from the decision plane as the output while Logistic Regression

uses the Euclidean distance mapped into the range (0, 1). These are two of the

best performing algorithms, and in Figure 7.4 they are extremely tightly correlated.

There is, however, a significant amount of scatter between MBLikelihood and any

of the Machine Learning algorithms. Thus, MBLikelihood is the only one to benefit

from boosting. The Naive Bayes algorithm also shows lots of scatter with each of the

other Machine Learning algorithms, however this is just due to its poor individual

performance and not because of any extra information.



7.5. RUNTIME 76

7.5 Runtime

While many of the algorithms seem to have similar performance, a major factor

in their possible implementation is how fast they can make a classification. To be

run on the live analysis that is performed as data are recorded from DEAP-3600

an algorithm must be very fast, preferably less than 0.01 seconds per event. This

is due to the high frequency 39Ar signal at over 3 kHz; the events are processed in

parallel, but resource limitations still constrain runtimes. The value of 0.01 seconds

per event is not a hard limit, but is roughly the time used by MBLikelihood to make a

classification (on the hardware used for this analysis) and so it makes an appropriate

comparison value. Figure 7.5 shows the average runtime of each algorithm (based

on 100,000 events). For the fastest algorithms, such as the linear Support Vector

Machine the runtime in RAT would likely be dominated by the time to read in the

PMT charge information. The slowest algorithm, K-Nearest Neighbours, likely could

not be run in the live analysis unless it was only applied to a subset of events such

that it’s slow runtime does not greatly impact the runtime.



7.5. RUNTIME 77

Figure 7.4: Scatter Plot Matrix showing the predictions for each algorithm on the
same dataset. The diagonal has a histogram of the output for an algo-
rithm, the off diagonal entries are a 2D histogram for the output of two
algorithms. The bin counts for both the 1D and 2D histograms have been
displayed in log scale.
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Figure 7.5: Average runtime for each Machine Learning algorithm. There are dra-
matic differences due to the way that they represent their decision bound-
aries.
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Chapter 8

Summary and Conclusions

8.1 Summary

The direct detection of a dark matter signal is an intense focus of the astroparticle

physics community. The DEAP-3600 dark matter direct detection experiment is made

of an active volume of liquid argon contained in an acrylic vessel with 255 Photo-

Multiplier Tubes. To detect a faint dark matter signal DEAP-3600 has been designed

to have ultra-low background rates. There is still a small amount of contamination

at the argon-acrylic boundary which is to be removed by selecting a fiducial volume.

This thesis explored the use of several Machine Learning algorithms for the purpose

of improving the ability of MBLikelihood to select events from a fiducial volume

within the active volume. With an initial analysis using simulated data it was found

that MBLikelihood outperformed the Machine Learning algorithms, but when used

together it was possible to greatly improve performance. Next, the same algorithms

were trained using real detector data and it was found that the same hierarchy of

performance was maintained. For further tests of the algorithms several datasets were

compiled to check that the algorithms were robust to all relevant situations. When
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the optical model of the detector was varied, each algorithm tracked MBLikelihood

in its performance. When the boosted algorithms were tested using high energy, real

surface events it was found that they were able to reject them even more efficiently

than MBLikelihood alone. When neutron source data was tested, it was found that

the algorithms had a reasonable acceptance indicating that they would not lose a

WIMP signal. Next, a brief analysis was performed on some more fine detail questions

on the leakage. It was found that the surface event leakage as a function of energy was

dependent in roughly the manner expected. By changing the desired fiducial volume,

it was found that for MBLikelihood accepting a 1 tonne fiducial volume the boosted

analysis could accept 1.5 tonnes with the same surface event leakage. This would lead

to a significant increase in sensitivity for DEAP-3600. Finally, a comparison on the

output values of the Machine Learning algorithms showed that using many of them

to boost MBLikelihood would not be effective.

8.2 Future Work

This analysis has made it clear that MBLikelihood can be improved with respect

to fiducial volume calculations. It may be possible to gain the same reduction in

surface event leakage as the boosted analysis by making modifications directly to the

MBLikelihood algorithm. However, it is only the Machine Learning algorithms that

can be trained on real detector data. This suggests that it may be beneficial to invest

time in improving the Machine Learning algorithms. There are several options for

improvement, including the removal of the normalization preprocessing step. It would

be worthwhile to redo the analysis in this thesis without normalization, but with a

much larger training sample. Having information about the total charge of the event
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(this is the information that normalization removes) might allow the algorithm to

adapt to topological differences over different energies. Care would need to be taken

to ensure that the algorithms do not learn pathological energy dependent leakages,

but may allow the algorithms to individually achieve the same performance as the

boosted analysis.

There are several more combinations of training data that would be interesting

to use. For example, a mix of simulated and real data may ensure that performance

is consistent between the detector and the simulator. While DEAP-3600 was under

vacuum, a uniform source named the laser ball was deployed to calibrate the detec-

tor. Using the simulator, it would be possible to determine if the Machine Learning

algorithms continue to perform normally when the detector is in vacuum. If this is

the case, then data taken using the laser ball could be included in the training or

testing data.

The results in this thesis are very promising and suggest that a similar analysis

could be beneficial in other aspects of the detector. Another potential source of events

that leak into the fiducial volume is related to the neck geometry. Events which occur

within the neck can distribute light in a way that biases the reconstructed 3D position

to be centred in the detector. It is possible that a Machine Learning algorithm trained

on these events would be able to identify a specific signature and efficiently remove

them. Of course, there are many more interesting avenues to explore in future work.

During the writing of this thesis, the simulation software (RAT) has gone through

several iterations of improvement to better reflect the detector. This has been done

thanks to standard improvements, as well as a better understanding of the detector

now that it is online. These updates were not considered in this thesis, but have
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been included in an updated version of MBLikelihood. Early indications are that

the MBLikelihood performance has improved and so it will be worthwhile to see if

an updated version of the analysis presented here will continue to give such large

improvements.

8.3 Conclusion

fiducial volume selection is a critical component of the DEAP-3600 background re-

jection analysis, improving this can have a large impact on the final result. This

thesis has analyzed the use of several Machine Learning techniques for the purpose

of boosting the standard fiducial volume algorithm. It is found that the discrimi-

nation power can be increased significantly using a boosted analysis framework and

the effect is dependent on the chosen fiducial volume and ranges from an order of

magnitude improvement at 1 tonne to the performance at 1.5 tonnes which matches

the MBLikelihood performance at 1 tonne.

Great care has been taken to validate the robustness of the Machine Learning al-

gorithms. They have been shown to behave similarly to MBLikelihood under changes

in the detector optics using simulated data. The benefits gained from boosting remain

in the modified optics testing as was seen in the default optics. The acceptance for

the boosted analysis was shown to be equivalent to MBLikelihood on real neutron

events that mimic a WIMP signal. Nevertheless, the boosted analysis showed fewer

210Po surface events in a fiducial volume than MBLikelihood on its own.

It is further comforting that the algorithms are trained using real data, they

cannot have picked up on any peculiarities of the simulator. The sample of real data

is blemished by the fact that it was classified by the Centroid algorithm, however the
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relative simplicity of the algorithm is reassuring. The extensive testing on simulated

data is considered a strong validation that boosting does indeed confer a reduction in

leakage into the fiducial volume. This thesis concludes that the Logistic Regression or

the linear Support Vector Machine should be used in tandem with the MBLikelihood

algorithm for the purpose of selecting fiducial volume events. Many of the algorithms

had similar performance, however those two run the fastest while maintaining that

performance.

Machine Learning is a powerful and easy to use tool for data analysis. This thesis

work has demonstrated that with relatively little effort it is possible to improve on

custom built algorithms. The majority of the effort in this thesis has been in the

process of validation, which is the ideal situation for algorithms which will hopefully

be applied to the WIMP search analysis. There are many more avenues to apply

Machine Learning in DEAP-3600 and other experiments.
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Part II

AN EXTENSIVE STUDY OF

THE SCATTER IN THE RADIAL

ACCELERATION RELATION IN

SPIRAL GALAXIES
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Chapter 9

Outline

Part II investigates the scatter in the Radial Acceleration Relation (RAR) to deter-

mine if observational uncertainties alone can account for the measured scatter. The

RAR is a spatially-resolved scaling relation that compares the observed radial accel-

eration (V 2
rot/R) with acceleration expected from visible matter alone (Mbar/R

2 where

Mbar is the mass of all visible matter up to radius R). Before analyzing the data,

Chapter 10 presents relevant information and techniques. Section 10.1 gives a broad

overview of scaling relations in the context of galaxy physics, motivating studies such

as the one presented here. Section 10.2 and Section 10.3 discuss relevant measure-

ments used in analyzing galaxies, along with their typical uncertainties. They are

crucial in the calculation of radial accelerations and must therefore be treated with

care. Section 10.4 presents details of the RAR and the motivation for performing this

analysis. Finally, Section 10.5 introduces the statistical methodology for studying the

scatter in the RAR.

This extensive analysis of the RAR relies on collating several galaxy surveys whose

available data include the required elements for the construction of the RAR, such as

resolved rotation curves and light profiles. Chapter 11 presents an overview of each
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survey. A short description of each is given in Sections 11.1 - 11.6. Additional infor-

mation about each survey, figures with relevant parameters, and how these compare

among the surveys are presented in Appendices A and B.

With relevant background and datasets in place, Chapter 12 examines the scatter

in the RAR. This is the main focus of Part II: addressing the claim by Lelli et al.

(2017) that the RAR relation is consistent with zero intrinsic scatter. The scatter in

the observed RAR is calculated in Section 12.1. As a further check, the scatter in

the RAR is plotted against several galaxy properties in Section 12.1.2 to test against

any additional correlations. In Section 12.2 a Monte-Carlo simulation is used to

determine what the scatter would be if only observational uncertainties contributed

to the scatter. This simulated scatter for the RAR is then compared with the observed

value; the former is shown to be consistently smaller than the latter, demonstrating

that the intrinsic scatter is non-zero. This is in tension with the suggestion by Lelli

et al. (2017), the RAR is found to be consistent with Λ Cold Dark Matter (ΛCDM)

and standard galaxy formation models.
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Chapter 10

Background

This chapter presents the necessary material for our RAR analysis. To motivate the

study of scaling relations, Section 10.1 discusses how they are constructed and used to

study galaxy formation models and cosmology. Section 10.2 and Section 10.3 explain

the basic galaxy measurements and calculations that go into the RAR analysis. These

are the inputs to equations presented in Section 10.4, which explains and motivates

the study of the RAR. To ensure the robustness of our analysis, statistical techniques

described in Section 10.5 are utilized to accurately evaluate the observational scatter

in the RAR, which is the central focus of this work.

10.1 Scaling Relations

One of the most common signatures of galaxy formation and evolution is scaling

relations. Structural parameters of various kinds can be measured for a given galaxy,

how they correlate is of paramount interest. A scaling relation takes two or more

of these measured values and connects them by a functional relationship, typically

linear in log space. The relation is then described by the slope, intercept, and scatter

about the best fit line (Courteau et al. 2007). These 3 parameters are then used to
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tune or test galaxy formation and cosmological models (Trujillo-Gomez et al. 2011;

Dutton et al. 2017).

The most powerful of these relationships are ones with low scatter and that inter-

relate distance-dependent and distance-independent quantities. The canonical exam-

ple of this relates total luminosity and rotational velocity of a galaxy (Tully and Fisher

1977; hereafter Tully-Fisher relation); while it is relatively easy to measure the total

magnitude of a galaxy and its rotational velocity, converting magnitude into luminos-

ity requires knowledge of distance which is notoriously uncertain (Willick 1999). A

relation between the star formation rate of a galaxy and its stellar mass called the the

star formation rate main sequence, is an excellent example of a scaling relation that

can be used to test galaxy formation models over cosmic time (Noeske et al. 2007;

Santini et al. 2017).

The study of scaling relations for galaxies is central in our modern understanding

of astronomy. The Tully-Fisher relation allows for straightforward distance measure-

ments, making studies of the large scale structure of the universe possible. Galaxy

simulations can also be tested against scaling relations; their ability to reproduce

many relations will attest to the validity and reliability of the simulation (Dutton

et al. 2017). Simulations can also use scaling relations as input to the sub-grid

physics, such as the relation between gas density and star formation rate density,

called the Kennicutt-Schmidt law (Schmidt 1959; Kennicutt 1998).
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10.2 Galaxy Measurements

10.2.1 Surface Brightness Profiles

While the era of multi-messenger astronomy is certainly well under way (Abbott

et al. 2017; Aartsen et al. 2018), the primary source of information on astrophysical

objects is still almost always light. With sensitive telescopes and clever techniques,

a great deal of information can be gleaned from the light emitted by a galaxy. One

of the most fundamental measurements made of a galaxy is a light profile, which is a

measure of the amount of light in a galaxy as a function of distance from the centre.

For details about the extraction of galaxy light profiles and the structural parameters

that can be gleaned from them, see Courteau (1996).

Light profiles can be measured in different wavebands across the electromagnetic

spectrum which are all sensitive to different astrophysical phenomena. For instance,

blue light samples young stars but suffers extinction from interstellar dust, whereas

red light is more sensitive to old stars, is less sensitive to dust effects, and is a better

tracer of the stellar mass. For this reason, our study will favour light profiles measured

at redder bands.

Once the image of a galaxy has been taken, it must be reduced in order to provide

useful information. This includes subtracting dark, sky, and bias frames as well as

flat fielding (Courteau 1996; Mohr et al. 2012). It is often assumed that galaxies are

axisymmetric such that the light in an image can be azimuthally averaged to produce

a profile of the surface brightness as a function of radius, called a surface brightness

profile (equivalently, one can construct a curve of growth). For inclined galaxies, these

surface brightness profiles are obtained via fitting of elliptical isophotes (Courteau

1996; Hall et al. 2012; Gilhuly and Courteau 2018).
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Light profiles of spiral galaxies are often approximated by exponential profiles

I(R) = I0e
−R/Rd , where I0 is the central surface brightness and Rd is the disk scale

length (Freeman 1970; Lin and Pringle 1987). In practice, only ∼ 30 % of the galaxy

population harbours pure exponential disks (Roediger et al. 2012). The broader range

of galaxy light profiles can be described by various types (I, II, III) indicating if the

disks are purely exponential (Freeman 1970 Type I), depressed in the inner parts

(Freeman 1970 Type II), or (anti-)truncated in the outskirts (Erwin et al. 2005 Type

III). In addition to the disk, a central, nearly spherical feature is often visible. Called

a bulge, it is typically populated by older stellar populations and must be accounted

for if performing a decomposition of the light profile.

10.2.2 Rotation Curves

Beyond measuring the distribution of light, one may examine spectroscopic profiles

as well. Of interest here are techniques for measuring the line of sight velocity along

the principle axis of a galaxy. Radial velocity information is especially useful in ro-

tationally supported systems to trace their gravitational potential. This information

is also useful in scaling relations as velocities are distance independent (modulo red-

shift corrections; Weinberg 1972); when paired with a distance dependent quantity

they can be used as distance indicators (Tully and Fisher 1977). Another distance

indicator available in the same spectroscopic information is the systematic velocity of

a galaxy, parametrized as a redshift, this can be used as a distance indicator via the

Hubble flow (Riess et al. 2016; Planck Collaboration et al. 2016b).

Various tracers of rotational motion include Hα, HI, and CO emission lines; globu-

lar clusters and satellites; in some cases even individual stars (Sofue and Rubin 2001).
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To properly interpret rotation curve data, one must consider the possibility of non-

circular motions (Sofue and Rubin 2001; Spekkens and Sellwood 2007). A significant

source of non-circular motions in spiral galaxies is a bar, which drives some material

in towards the centre, and other material out to the faint disk. The impact of a bar

on a rotation curve depends on its orientation to the observer, but can be as high as

a few tens of km s−1 in the inner parts of the galaxy (Spekkens and Sellwood 2007).

Spiral arms can also move material along their length (Schoenmakers et al. 1997),

thus contributing additional non-circular motions. These are not as strong as those

from a bar, but are more ubiquitous (Trachternach et al. 2008). Hayashi and Navarro

(2006) also find it is possible to have large non-circular motions near the centre of

a galaxy as a result of a triaxial dark matter halo. Altogether, non-circular motions

due to bars, spiral arms, and halo triaxiality are mostly dominant in the centres of

galaxies.

Atmospheric turbulence (called seeing) can impact the inner parts of measured

light profiles and rotation curves as well (Förster Schreiber et al. 2006). The effect

of seeing is to redistribute the incoming light into neighbouring pixels on an image.

Velocity and light information is therefore spread out as in a convolution. This

effectively dampens the profiles wherever there would be large gradients, typically

at the centre. For this thesis, the inner 5 arcseconds of each galaxy is cut from the

analysis to mitigate the effects of seeing and non-circular motions which can dominate

the central regions.
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10.2.3 Size Measurements

One of the structural parameters that can be extracted directly from a light profile

is the galaxy’s size. The angular extent of a galaxy on the sky might seem simple

to evaluate at first, but its definition is actually quite subjective. There are no

clear edges to most galaxies as their surface brightness profiles can be measured

out to the detectable limits. At some point the galaxy must end and the inter-

galactic medium must dominate. The boundary at which this occurs is not clearly

defined and detecting it is beyond current technical capabilities. In some cosmological

studies, it is informally assumed that galaxies simply extend until they meet the next

galaxy (Ramella et al. 2001). In the absence of a clearly defined edge, some marker

must be used to evaluate the size of a galaxy. The three most common markers are

radii enclosing a specified fraction of the total light (Re), isophotal radii (R23.5), and

model scale lengths (Rd).

The effective radius is the radius enclosing half of the total light from a galaxy. The

advantage of an effective radius measurement is that it is independent of the total

light in a galaxy, it only traces the distribution of the light. It is thus convenient

to study the radial distribution of a property scaled by the effective radius when

comparing galaxies.

Alternatively, one can use an isophotal radii which reports the radius at which

a specific surface brightness is reached. Any surface brightness can be chosen and

multiple isophotal radii can be used. A common choice is R23.5 (R corresponding to

23.5 mag arcsec−2), which strikes a balance between probing the outskirts of a galaxy

and having high signal to noise. The advantage of isophotal radii is that they are

independent of the galaxy structure internal or external to that radius.
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Another common radial scale comes from fitting a model to the surface brightness

profile and using the scale parameters as a radius. In an exponential profile I(R) =

I0e
−R/Rd , the parameter Rd is called a disk scale length. While this radius may be

physically motivated, it only applies naturally to a subset of all galaxies (Type I).

Rd can also be challenging to measure consistently and becomes less meaningful in

non-Type I profiles.

All of these size measure techniques can be performed independent of distance

and used to scale the radii in a profile. Thus large surveys can meaningfully compare

many galaxies with measures taken at analogous locations in the profile (Binney and

Tremaine 2008). It is also possible to compare the radii to each other, or with different

versions of the same type. A good example of a distance independent parameter is

the concentration index which takes the ratio of radii enclosing two different fractions

of the total light (say 50 % and 90 %). The concentration index is a common measure

for automated morphological classification (Kent 1985; Park and Choi 2005).

10.3 Galaxy Structural Parameters

10.3.1 Inclination

Spiral galaxies are flattened systems. The circular velocity of a rotating disk must

therefore account for inclination effects (Byun et al. 1994). A face-on view of the disk

is given an inclination of 0◦ while an edge-on view of the disk is given an inclination

of 90◦. From the photometry one can extract an axis ratio b/a (identified as q), where

a and b are the major and minor axes respectively, at large radii by fitting elliptical

isophotes; this gives the inclination by i = cos−1(q). Since disks have a non-zero

thickness, an edge on disk will still appear as a thin ellipse (axis ratio q0) on the
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sky instead of an infinitesimal line. The axis ratio of a disk when seen edge-on is

labelled q0 and can be used as a correction for other inclinations. A correction can

be determined by assuming that the intrinsic thickness of the disk is also elliptical,

giving Eq. 10.1 (Hubble 1926)

cos(i) =

√
q2 − q2

0

1− q2
0

. (10.1)

The exact value of q0 is poorly known, but is generally found to be near 0.2 and can

vary by 0.1 between galaxies (Holmberg 1946; Haynes and Giovanelli 1984). A second

complicating factor is that galaxies are not perfectly circular (Ryden 2004), this effect

is not large and is not accounted for in this thesis.

Inclinations are used to correct rotation curves, making them a key structural

parameter in this analysis. As galaxies are viewed in projection, the line of sight

velocity is projected as well and so only the component along the line of sight is

measured. Correcting velocities using inclinations is discussed in Section 10.4.2.

10.3.2 Colours and Mass to Light Ratios

The choice of photometric waveband determines which aspect of the galaxy is probed.

As stated earlier, redder wavelength bands will be less affected by dust and can

observe populations that are otherwise obscured in the visible (Draine 2003). It is

also possible to use multiple filters and get separate images, as is done in the Sloan

Digital Sky Survey (SDSS). Measuring a resolved galaxy spectrum over much of the

disk is challenging due to the long integration times required. The Spectral Energy

Distribution (SED) of a galaxy (energy as a function of frequency) can be quite

complex, and so it is important to determine which components are relevant for a
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given analysis. In some cases only rough spectral information is needed, for example

the slope of the SED in a given region. This is achieved by taking the ratio of fluxes,

or equivalently the difference in magnitude, from two different wavelength bands.

Such a colour term is always written with the longer wavelength subtracted from the

shorter wavelength band.

A mass-to-light ratio is a conversion factor between the amount of light observed

and the amount of mass in a system. The light in a waveband comes from a population

of stars which must be accurately modelled to derive a representative mass-to-light

ratio. For main sequence stars, that conversion goes roughly as L ∝ M3.5
∗ (Boselli

2011). This implies that high mass stars have much higher luminosity, and likely

contribute little to the total mass, instead generating most of the galaxy light.

To understand a mass-to-light ratio, several ingredients must be put together: the

stellar initial mass function, a library of stellar SEDs, well sampled isochrones, an

initial-final mass function, and a star formation history (Conroy 2013). These are

assembled in two stages: first a Simple Stellar Population (SSP) model is created

by assuming that a large population of stars are made at one instant in time and

then evolve together (said to be co-eval). To do this, an initial mass function is

needed to determine the distribution of masses for the stars, usually over the whole

range from 0.08 M� to 100 M� where stars burn hydrogen. A library of SEDs

is needed to perform a weighted sum to compute the observed total SED of the

population (e.g. Bruzual and Charlot 2003). Finally a library of isochrones are needed

to track the evolution over time of the stellar population in the Hertzsprung-Russell

diagram (Bertelli et al. 2008), and thus the evolution of their SEDs. Each of the

components must be known as a function of metallicity as well. The sampling of
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these can be done theoretically or observationally. In the case of theoretical libraries,

the sampling can be more complete, but not all physical processes are modelled.

Notably, cool stars are not properly represented and some lines (e.g. CH and MgH)

or the TiO bands are incorrectly modelled (Martins and Coelho 2007; Allard et al.

2011). Empirical libraries have the opposite problems of theoretical ones. The physics

is, by definition, modelled correctly, but the libraries are sparsely sampled and stars

may be assigned incorrect parameters (Sánchez-Blázquez et al. 2006). To handle

sparse sampling of the libraries, one must interpolate which is challenging given the

large range of stellar properties (Vazdekis et al. 2010).

The SSP models can then be combined to form a realistic galaxy. Using a star

formation history of a galaxy, one can consider SSPs of appropriate ages and metal-

licities to construct an SED. While any star formation history could in principle be

used, usually simple prescriptions are chosen such as an exponentially decreasing star

formation rate (closed box) or one which rises (hierarchical formation) (Schmidt 1959;

Finlator et al. 2007; Papovich et al. 2011). For a given age, the initial-final mass dis-

tribution can be used to determine the number of stellar remnants (white dwarfs,

neutron stars, black holes) contributing to the mass. This is not a negligible amount,

and can represent 25 % of the remaining stellar mass that has not been recycled into

nebula and dust (Conroy 2013). Finally a dust model must be included to account for

absorption/emission spectra that alter the SED emitted by a galaxy. The resulting

model couples the measurable SED of a galaxy to the total stellar mass, giving a

stellar mass-to-light ratio; it is called a Stellar Population Synthesis (SPS) model.

Measuring the SED of a galaxy is challenging and sometimes only photometry is

available. The SPS models can be projected into photometric bands by integrating
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the filter response curves, losing much of the well-resolved information. In most cases

a single photometric band cannot distinguish between different SPS models, due to

the large luminosity evolution of stellar populations over time. However, with flux

measurements in two bands the slope of the SED can be estimated with their ratio.

Surprisingly, this provides enough information to determine the stellar mass-to-light

ratio to within less than 0.3 dex (dex indicating the value is in log10 space), of which

only about 0.13 dex is random error (Roediger and Courteau 2015). The colour to

stellar mass-to-light ratios used in this thesis are taken from Zhang et al. (2017),

which provide a detailed analysis of the uncertainties for their relations.

10.3.3 Distances

One of the great challenges in astronomy is the determination of cosmic distances (Hodge

1981; Freedman and Madore 2010). Many galaxian parameters rely on knowledge of

the distance to an object, such as the luminosity or physical size. Both of these

quantities are important for this thesis work; the luminosity is needed for calcula-

tions of the baryonic mass, and sizes are needed to compute the radial acceleration.

There are three typical methods by which distances are calculated in astronomy:

standard candles, standard rulers, and Hubble flow. A standard candle is an object

of known luminosity, thus when it is placed at a distance one can use the apparent

brightness to calculate distance (Kowalski et al. 2008). Similarly, a standard ruler

is an object of known size, when placed at a distance one can use the angular size

projected on the sky to determine distance (Djorgovski and Davis 1987). While the

first two are common distance measuring techniques, the Hubble flow is unique to

astronomy (Riess et al. 2016). As was discovered by Hubble (1929), objects which
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are further away also have larger line of sight recessional velocities. The recessional

velocity as a function of distance, the so-called Hubble-Lemaitre constant (H0) is

generally computed in two ways. From the Cosmic Microwave Background (CMB):

H0 = 67.8 ± 0.9 km s−1 Mpc−1 (Planck Collaboration et al. 2016b), or with distance

measurements to nearby galaxies: H0 = 73.2± 1.74 km s−1 Mpc−1 (Riess et al. 2016).

Distance measurement uncertainties play an important role in this thesis. The

Hubble flow accounts for the global expansion of space, but does not include pecu-

liar velocities of individual galaxies. The magnitude of peculiar velocities is uncer-

tain, Kessler et al. (2009) take σv = 300 km s−1 and Wood-Vasey et al. (2007) use

σv = 400 km s−1, it is known to be higher in cluster environments as well (Girardi

et al. 1993). Thus, distances determined by this method are uncertain by the rel-

ative magnitude of the Hubble flow velocity and the peculiar velocity of a galaxy.

Distances for the samples in this thesis are typically beyond 50 Mpc, with a conser-

vative assumption of σv = 500 km s−1, this gives a distance uncertainty of ∼15 %.

For any dataset that does not report distance uncertainties, a common 15 % value

is assumed in this thesis, except for the Ouellette et al. (2017) sample which is in a

cluster environment and is assigned a 19 % uncertainty (see Section 11.6).

10.4 The Radial Acceleration Relation (RAR)

10.4.1 What is the RAR?

In a Modified Newtonian Dynamics (MOND) framework, the acceleration in Newton’s

second law is modified below a certain scale. While the exact modelling of this

modification is not well defined, it must have the properties described in Section 1.2.3.

To test MOND with rotation curves, it is natural to examine galaxies in acceleration



10.4. THE RADIAL ACCELERATION RELATION (RAR) 99

space. Another related avenue to explore in a MOND framework is the baryonic

acceleration. As the model does not include dark matter, gravitation is solely a

consequence of the visible matter distribution. Lelli et al. (2017) have presented

an analysis with these expectations. Using a sample finely selected to cover a wide

parameter space (see Lelli et al. 2016), they compute the observed radial acceleration

versus the baryonic acceleration as expected in regular Newtonian mechanics. The

data populate a tight relation in this space which they parametrize using Eq. 10.2.

gobs =
gbar

1− e−
√

gbar/g†
, (10.2)

where gbar is the baryonic radial acceleration and gobs is the observed radial accel-

eration, g† is a characteristic scale that determines the transition from a Newtonian

dynamics to a MOND regime. This formulation is chosen because it reproduces the

MOND prescription of matching Newtonian dynamics for acceleration above the scale

g†, while below g† the acceleration goes as gobs =
√

g†gbar, smoothly transitioning be-

tween them (see: Section 1.2.3). In a MOND framework, the RAR will apply to

all galaxies regardless of evolution history, morphology, etc. The only systems that

would not obey this relation are ones not in equilibrium configurations, those with

systematic observational uncertainties such as non-circular motions, or systems con-

taining dark matter. Lelli et al. (2017) measured the scatter of the forward residuals

(residuals in the y-axis) about this relation to be 0.11 dex using a Gaussian fit, or

0.13 dex as the root mean squared. This remarkably small scatter is reported to be

consistent with the average observational uncertainties in the survey. Suggesting that

the relation may have zero intrinsic scatter. If true, this would challenge the current

ΛCDM paradigm of structure formation in our universe.
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10.4.2 Calculating the Observed Acceleration (gobs)

The RAR is based on both the baryonic and observed radial accelerations. From

a galaxy rotation curve one may calculate the observed radial acceleration using

gobs(R) = V2
rot/R, where R is the physical radius at which Vrot and gobs are evaluated.

This assumes that the observed velocities are from tracers travelling in circular orbits.

R must be converted from the observed angular radius θ to a physical radius (in

km) via the formula R = θD where D is the distance. This introduces a distance

uncertainty into the calculation of gobs. Vrot is measured from a rotation curve (see

Section 10.2.2). Critically, the measured line of sight velocities (Vlos) must be corrected

to the rotational velocity Vrot using Vrot = Vlos/ sin(i), where i is the inclination of

the galaxy (redshift corrections are negligible in the distance regime considered). As

discussed in Section 10.3.1, inclination estimates have significant uncertainties that

must be accounted for. For low inclination galaxies (i < 30◦), the inclination and its

uncertainty can have a large impact on the inferred rotational velocity.

10.4.3 Calculating the Baryonic Acceleration (gbar)

The baryonic acceleration must be inferred from the measured light profile (see Sec-

tion 10.2.1). The light must first be transformed into a stellar mass measurement

using a mass-to-light ratio (see Section 10.3.2). For a curve of growth, that produces

a mass profile (M?(R)); for a surface brightness profile it yields a surface density pro-

file (Σ?(R)). Simplifying assumptions must then be made regarding the 3D structure

of the galaxy in order to compute the potential φ? as a function of position. Finally,

radial acceleration can be extracted from the potential as: g? = ∂φ?
∂R

. In this thesis

it is assumed that the stellar acceleration g? is identical to the baryonic acceleration
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gbar. For galaxies with high gas masses this is certainly not the case, however Lelli

et al. (2017) show that the scatter is unaffected by using g? instead of gbar.

Under the assumption that galaxies are spherical systems, only the enclosed mass

is needed to compute the potential. The acceleration can then be computed from

Newton’s Law of Universal Gravity: gbar = GM(R)
R2 , where G is the gravitational

constant. While a sphere may be a reasonable approximation for the bulge of a galaxy,

the disk is far from spherical. This can cause discrepancies between a spherical and

a flattened model (Freeman 1970; Binney and Tremaine 2008).

Under the assumption that galaxies are flattened systems, the calculations become

more involved. First, a disk flattening prescription must be invoked. Assuming

axisymmetry and an isothermal vertical distribution the 3D density distribution can

be written as ρbar(R, z) = Σbar(R)sech2(z/z0)/(2z0), where ρbar is the density, z is the

height above the disk, and z0 is the scale height (van der Kruit and Searle 1981). We

use z0 = q0Rd from Dutton et al. (2005) where Rd is the disk scale length and q0 the

intrinsic thickness described in Section 10.3.1.

With a prescription for the density it should now be possible to determine the grav-

itational potential by solving Poisson’s equation ∇2φ = 4πGρ (Binney and Tremaine

2008). For this, we take advantage of the software galpy, by Bovy (2015). Galpy

solves Poisson’s equation via the self-consistent field method; this involves a multi-

pole expansion that can be taken to arbitrary accuracy and is described by Hernquist

and Ostriker (1992).
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10.4.4 The RAR as an Alternative to the Baryonic Tully-Fisher Relation

The RAR as presented in Lelli et al. (2017) has spurred a rich literature (B́ılek and

Samurović 2017; Famaey et al. 2018; Garaldi et al. 2018; Rodrigues et al. 2018). One

especially insightful paper by Wheeler et al. (2018) investigates the connection be-

tween the RAR and the Baryonic Tully-Fisher Relation (BTFR). Wheeler et al. (2018)

showed that the tightness of the RAR is strictly a consequence of its construction;

their argument is reproduced here for completeness. In Eq. 10.2 for the limit as the

baryonic acceleration is small (below the characteristic scale g†), the observed accel-

eration will tend to gobs =
√

g†gbar. Most spiral galaxy rotation curves are flat out to

large radii and thus can be represented by a single value Vflat. The BTFR is a scaling

relation connecting the baryonic mass to Vflat with the relation: Mbar = aV 4
flat (note

that the power differs from other BTFR studies, Hall et al. 2012; Ouellette et al. 2017;

and references therein). A significant amount of the total baryonic mass in a galaxy

is concentrated in the centre, meaning that the approximation gbar ≈ GMbar

R2 applies

in the outer parts of a galaxy. Consequently, one can derive the RAR as follows:

gbar =
GMbar

R2
=
GaV 4

flat

R2
= Ga

(
V 2

flat

R

)2

= Ga (gobs)
2

Let : g† = (Ga)−1

gobs =
√

gbarg†

Thus, the RAR can be thought of as a consequence of the BTFR or vice-versa.

Wheeler et al. (2018) also examine the scatter in this model. Representing a galaxy

that deviates from the BTFR by a factor 1+δ, the BTFR becomes: Mbar = aV 4
flat(1+

δ). Carrying this through the derivation gives: gobs = (1+δ)−1/2√gbarg†. As the RAR

is represented in log space, the deviation is reduced by a factor of 1/2 implying a low
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scatter compared to the already tight BTFR.

This argument broadly explains why the RAR is so tight in terms of the BTFR,

but still leaves open some questions. First, it only applies in the outer regions of a

galaxy, as it was assumed that all the baryonic matter is enclosed and the potential

can be treated as spherical, yet the relation is seen to be obeyed at all radii. Second,

the question of the origin of the BTFR is still left open, as both relations imply a

“conspiracy” between baryonic and dark matter (however, see Dutton et al. 2007).

Third, if this fully explained the reduction in scatter, then the predicted observational

scatter should be reduced as well if propagated through the same equations.

10.5 Statistical Techniques

10.5.1 Bootstrap Sampling

The central limit theorem states that the sum of many independent random variables

will tend toward a normal distribution. It is common for scientific measurements

to fit this description (for example, the counts in a well illuminated pixel), greatly

simplifying analysis. However, this is not always the case (for example, Poisson

statistics). In some situations a variable that is normally distributed will then be

transformed through a function such as 1/x or log(x) which will distort the shape of

the distribution asymmetrically. In still more situations, there is a bias in the data

such as for flux limited measurements that may reduce the number of samples on one

region of parameter space or increase the number of samples elsewhere (for example

Malmquist bias). It is therefore desirable to use techniques that are not based on an

assumption of normality.

Bootstrap sampling is perhaps the simplest technique for computing measures of
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uncertainty without assuming a probability distribution. In this method, a dataset is

used as its own distribution function from which more samples can be drawn (David-

son and Hinkley 1997). For a dataset of N measurements a new sample of size N

is drawn by randomly choosing elements from the dataset (with replacement). This

can be repeated many times, for each re-sampling one can compute any metrics that

would have been computed on the original data such as a median. The result is

that instead of having one value for the metric, a distribution is acquired. From this

distribution one can report an interval, which for this thesis is computed as half that

enclosing 68.3 % of the data such that the same number of elements are on each side

of the interval. This interval will be indicated as ∆ while the standard deviation

(
√∑

(xi − x̄)2/N where x̄ is the mean) will be indicated with σ. In the limit of large

amounts of normally distributed data this technique will yield the same value for

the uncertainty as a standard deviation. However, if the data are not normally dis-

tributed then the uncertainties will still give reasonable values that are robust against

outliers (DiCiccio and Efron 1996).

The bootstrapping method does have its own drawbacks (Laberge 2011). Most

notably (as used in this thesis), there is an assumption that the uncertainty for each

sample is the same and that samples are all independent. This is not the case for the

samples in the RAR (for example δVobs varies throughout a rotation curve), however

the variations in uncertainty do not span such a wide range that it is unreasonable

to use bootstrapping. The samples are also not all independent, for example the

distance and inclination are shared over a whole galaxy.
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10.5.2 Regression Analysis

When performing a regression to fit parameters to data, the choice of fitting algorithm

can significantly impact the results (e.g. Hogg et al. 2010). The standard choice in

many fitting scenarios is a forward least squares fit, where the model is chosen to

minimize
∑

i[yi − f(xi)]
2, where f is the model and xi, yi are measurement pairs

where xi is assumed to be error free. This technique is strongly biased when there

is uncertainty on both variables. The inverse least squares fit reverses the roles of

xi and yi by assuming yi has no error. Thus, it has the opposite bias and a straight

forward method of rectifying this is to take the bisector between the forward and

inverse fits. The bisector method is thus easy to implement, as one only needs to

perform two least squares fits (Isobe et al. 1990). Another option is to minimize

the orthogonal distance between the model and each data point (Boggs et al. 1992).

Figure 10.1 demonstrates how these four methods perform on a sample of 200 points

drawn from a 2D Gaussian distribution. The distribution is constructed in arbitrary

units with a covariance matrix of
 0.85 1.0

1.0 0.85

 thus laying on the 1:1 line. The first

three panels show the resulting fits under three conditions: all data is available, the

data is truncated in the x-axis (indicated by vertical lines), and data truncated in

the y-axis (indicated by horizontal lines). The bottom right panel shows the forward

scatter σ against the slope for each fit with lines indicating the true values. It is clear

from Figure 10.1 that the orthogonal and bisector methods can be far less biased

in cases where both axes have uncertainty and/or truncations. For this thesis, fits

are performed using the orthogonal distance regression as implemented for python in

scipy (Jones et al. 2001).
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Figure 10.1: Example of fitting with several different regression algorithms. The bot-
tom right panel shows the range of fit parameters depending on the
method chosen.
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10.5.3 Monte-Carlo Sampling

Propagating uncertainties through a function can be achieved to first order by sum-

ming uncertainties in quadrature multiplied by the partial derivative of the function

evaluated at that point, as in Eq. 10.3 if only the first term is used.

σ2
f =

∑
i

[(
∂f

∂xi

)2

σ2
xi

+
1

2

∑
j

(
∂2f

∂xi∂xj

)2

σ2
xi
σ2
xj

]
+O(3), (10.3)

where f(~x) is a function of several variables and σi is the uncertainty in each variable

xi, the result of Eq. 10.3 is the uncertainty σf in the value f(~x). This technique can

result in several problems. If the second order contributions are significant, then the

uncertainty value will be unrepresentative. Second order contributions can be large for

highly non-linear functions, such as 1
x

in the region near zero. They can also be large

for strongly correlated variables such as in a light profile, the surface brightness and

colour are correlated when they share a waveband. Finally, if f involves operations

through which the derivatives cannot be evaluated then Eq. 10.3 is unsuitable. An

example of this would be a function which includes a cutoff threshold, or a fitting

routine. Each of these cases are seen in this analysis, necessitating a more robust

uncertainty propagation technique.

With the power of modern computers a full treatment of uncertainties can readily

be achieved. The variables xi can be sampled from a distribution then propagated

through the function f normally. The simplest case for the sampling distribution is

a Gaussian with standard deviation σi. As the sampling is discrete, it is possible

to impose extra constraints or priors to make the results more realistic as well. For

example some variables are only physical for positive values, a condition that can be



10.5. STATISTICAL TECHNIQUES 108

easily accommodated in this scheme. Done many times, this procedure will produce

a distribution for f that represents the combined uncertainty from all σi. If it is

Gaussian, that distribution for f can then be parametrized with a mean and standard

deviation. Often when using non-linear functions the result will not be Gaussian, in

which case other metrics to represent the uncertainty can be used such as the interval

described in Section 10.5.1.

Monte-Carlo sampling can treat a whole analysis routine as f by presenting it

with re-sampled “observations” and allowing the code to run normally (Kroese et al.

2014). Even conditional statements can be properly handled, which may be impor-

tant whenever a sample is near a region that it is triggered. Also, in the case where

f is linear and all variables xi are independently distributed Gaussians, Monte-Carlo

sampling will reproduce the standard uncertainty as in Eq. 10.3. The sampling oper-

ation can then be understood as a generalization to infinite order in the limit that a

large sample is drawn. There are, however, some drawbacks to this technique. One is

that it is far more computationally expensive; while modern computers are powerful,

they are often applied to complex problems, constraining the number of times that

analyses can be re-run. Another drawback is the level of complexity that can be

applied with Monte-Carlo sampling, if not explained fully it becomes challenging for

others to reproduce the results.
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Chapter 11

Datasets

To study the RAR as extensively as possible, several distinct datasets with the neces-

sary measurements have been collated. Sections 11.1 - 11.6 introduce the six studies

used in this analysis in chronological order. The original motivation for each is dis-

cussed as well as any unique properties of the dataset that are relevant to this thesis.

Section 11.7 then explains, in detail, the data quality cuts that are applied to all sam-

ples to prepare them for the RAR analysis. Wherever possible, a uniform approach

is applied to all datasets.

11.1 Mathewson et al. (1992; M92)

The survey by Mathewson et al. (1992; hereafter M92) represents galaxies visible

from the southern hemisphere, complementing other surveys which had primarily fo-

cused on the northern hemisphere. This survey, along with a second released in 1996,

comprise the largest samples used in this thesis. A total of 705 galaxies have the

measured quantities needed for this study. While they do not have resolved colour

information, most galaxies have a globally measured B-I colour. Where colours were

not reported in the survey, colour information was retrieved from the NASA/IPAC
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Extragalactic Database (NED) accounting for 69 of the galaxies. The uncertainty on

the surface brightness values is not reported in this dataset and so a uniform uncer-

tainty of 0.05 mag is assumed, corresponding to roughly 5 % uncertainty in flux space

as suggested in M92. This is a small uncertianty compared to others in the analy-

sis, but it is kept for completeness and to asses potential scatter introduced by the

analysis proceedure which must make slight extrapolations of the surface brightness

profile.

11.2 Mathewson and Ford (1996; M96)

Expanding upon the M92 dataset, Mathewson and Ford (1996; hereafter M96) sam-

pled over 1000 galaxies making it one of the largest samples of resolved rotation

curves ever assembled. In this analysis, only galaxies which were not in M92 are used

from the M96 sample. Using the same methodology as M92, Hα rotation curves and

I-band photometry were measured allowing the two datasets to be easily used in tan-

dem. These data were originally collected for studies of peculiar velocities using the

Tully-Fisher relation. In this thesis, we now use the data for our extended analysis

of the RAR.

For the surface brightness measurements we assume a uniform uncertainty of

0.05 mag (M96). Only 19 galaxies have measured B-I colours. Since colour infor-

mation is needed in calculating mass-to-light ratios, colour values (B,V,R,I) were

retrieved from NED, accounting for 415 galaxies. Where no colour information was

available, a median value of 1.0M�/L� was used for 886 of the galaxies. The 68.3 %

interval about this median mass-to-light ratio is 0.2 and thus the variation is smaller
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than the 0.13 dex uncertainty assumed for mass-to-light ratios in this thesis. 38 galax-

ies had to be rejected as they had no morphological type information. In total 1280

galaxies had available information and could be used for our RAR analysis, some of

which may have been removed by further cuts described in Section 11.7.

11.3 Courteau (1997; C97)

Courteau (1997; hereafter C97) compiled a sample of 300 Sb and Sc type galax-

ies with Hα rotation curves and r-band photometry for the purpose of cosmic-flow

studies. Using multiple measurements, specific focus was given to understanding the

uncertainties on observational values. Care was taken with data modelling techniques

(Courteau 1996; C97). Some galaxies have as many as 4 rotation curve measurements,

and more than half of the surface brightness profiles have 2 or more measurements.

These multiple measurements were used to asses the accuracy of uncertainty measures

on the profiles. As there are multiple measurements for most galaxies (photometry

and/or rotation curves), a scheme must be devised for selecting which measurement

to use. In this thesis, the deepest (greatest radial extent) profile is chosen for our

analysis as is common for multiple measurements (C97).

11.4 ShellFlow (SF)

ShellFlow is a sample of over 150 galaxies originally designed to measure the cosmolog-

ical bulk flow of galaxies in a shell at redshift between 4500 and 7000 km s−1 (Courteau

et al. 2000; hereafter SF). With both V and I-band photometry, SF represents one of

two datasets in this thesis for which resolved colour profiles are available. Hα rotation

curves are also available. The SF data were optimized for bulk flow measurements
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as can be seen in Appendix A. As SF was designed to fill a shell, the galaxies are

sampled from both the northern and southern hemisphere Overlapping regions of the

sky were used as extra calibrations for the telescopes and so this represents a very

high quality dataset.

11.5 Spitzer Photometry and Accurate Rotation Curves (SPARC; SP)

SPARC is an amalgamation of over 50 small studies totalling 154 spiral galaxies with

high quality HI and Hα rotation curves as well as Spitzer 3.6µm photometry spanning

a wide parameter space in luminosity, morphology, and surface brightness (Lelli et al.

2016; hereafter SP). SP photometry is in the Spitzer 3.6µm band, meaning that

it traces low mass stars which contribute most to the stellar mass of a galaxy (see

Section 10.3.2). Resolved rotation curves for this dataset are available mostly in

HI; for the inner regions, ∼ 1/3 of SP galaxies have hybrid HI-Hα data to achieve

higher resolution. HI rotation curves are very useful since they can extend beyond the

Hα rotation curves. Hα rotation curves have higher spatial resolution, and the two

agree for the most part in the overlapping regions (SP). Included with this dataset

is a quality factor; all low quality (level 3) galaxies are removed from the analysis.

Distance uncertainties are reported for this dataset (median uncertainty of 14 %), and

so the provided values are used in the analysis. A mass-to-light ratio of 0.5M�/L
3.6µm
�

is adopted for all galaxy disks as in SP, the whole galaxy is considered a disk in this

analysis.
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11.6 The Spectroscopy And H-Band Imaging Of Virgo Cluster Galaxies

Survey (SHIVir; SV)

SHIVir is an ongoing project to accurately measure photometry and spectroscopy for

Virgo Cluster galaxies (Ouellette et al. 2017; hereafter SV). The resulting dataset can

be used for analysis of scaling relations in a cluster environment by taking advantage

of the closest galaxy cluster in the sky. In their paper SV showed that SHIVir data

are of high quality and cover a wide range of galaxy morphological types. This

dataset consists of 46 galaxies with resolved Hα rotation curves and SDSS + H-

band photometry, allowing for the determination of resolved colours. While it is the

smallest survey used in this thesis, its high quality data due to consistent methods and

resolved colour information are valuable for testing the RAR in a cluster environment.

Distances and their uncertainties are provided for most of the galaxies in this survey

(median uncertainty of 19 %); when missing, a distance of 16.5 Mpc is used with a

19 % uncertainty (SV).

11.7 Data Quality Selections

A strength of this analysis is that it combines several surveys simultaneously in a

uniform fashion. In that spirit, many of the data quality selection cuts are identical

for all surveys. This section explains our data cuts and why they were needed. Some

selections were also made on a per-survey basis and are described in the corresponding

section for each survey.

The first level of selection is that each galaxy must have certain measurements for

the analysis to proceed. Each galaxy must have: a rotation curve, surface brightness

profile, distance, inclination, and a morphological type. Ideally, uncertainties are also
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be available for these parameters. If an uncertainty is not provided, an average value

is used instead (see Sections 11.1 - 11.6).

For inclinations, uncertainties are universally missing and a model was developed

to express the uncertainty which is described in Section 12.2.1. A distance uncertainty

of 15 % is used for the surveys: M92, M96, SF, and C97. Almost all galaxies in these

samples are beyond 50 Mpc, thus the line-of-sight peculiar velocities would have to be

above 500 km s−1 to cause a greater than 15 % error (see Section 10.3.3). Discrepancies

in H0 values from Planck Collaboration et al. (2016b) and Riess et al. (2016) do not

enter into this analysis as they represent a constant scaling that will not change the

scatter of the RAR in log space.

The rotation curves are further examined for suitable use in RAR calculations.

Local velocity uncertainties must be less than 10 % of the velocity measurement; this

is the same cut used in Lelli et al. (2017) and ensures the scatter is being probed by

high quality data instead of outliers. Rotational velocities are also removed from the

analysis if they are less than 10 km s−1 to prevent large logarithmic scatter in the gobs

calculation which goes as V 2. Radii less than 5 arcsec from the galaxian centre are

also removed from the analysis as this region can be influenced by seeing effects.

The surface brightness profiles are also subject to selection cuts. First, any regions

fainter than 25 mag arcsec−2 are removed from the analysis. While some surveys can

sample the light at fainter levels, uncertainties grow rapidly. Likewise, any surface

brightness uncertainties greater than 0.1 mag arcsec−2 are also removed from the cal-

culations. For all surveys but SP, the curve of growth and surface brightness profiles

are sampled at the same radii and so data quality cuts are used to remove points

from both profiles.
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The morphological type is restricted to the range Sa-Sm. Inclinations must exceed

30◦ to avoid serious deprojection errors (Courteau 1997). Whenever data must be

interpolated, a cubic function is fit to nearby points and then sampled, this arises when

gbar and gobs must be related but the surface brightness profile and rotation curve are

sampled at different radii. When data must be extrapolated, a linear function is fit

to the nearby points and then sampled, this arises when doing a multi-pole expansion

of the baryonic gravitational potential.
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Chapter 12

The Scatter in the RAR

We now examine the RAR and its scatter in detail. Section 12.1 describes fitting the

RAR to the data. The results of the fits are presented, including the scatter in the

relation. In Section 12.1.2, we examine any correlations of the scatter with various

galaxian parameters. Then, in Section 12.2 the Monte-Carlo simulation with zero

intrinsic scatter is presented. The details of its construction are discussed and the

resulting fits with scatter are examined. It is found that the Monte-Carlo simulation

scatter is below the observed scatter by a significant amount, with an intrinsic scatter

on the order of 0.13 dex.

12.1 The Scatter in the Observed RAR

12.1.1 Fitting the RAR

With several datasets collected, it is possible to compute the RAR relation. The

datasets are not combined into a single sample as systematic differences between them

could add observed scatter. Any systematic difference which is a constant factor for a

whole dataset (such as an incorrect H0) will only impact the normalization of the RAR
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Survey g† (10−10 m s−1) σg† (dex) ∆g† (dex) N Galaxies N Samples

SV 2.99± 0.11 0.285± 0.009 0.182± 0.012 33 1562
SP 2.38± 0.04 0.138± 0.002 0.131± 0.005 115 2297
SF 2.79± 0.02 0.160± 0.001 0.146± 0.002 165 17363
C97 2.29± 0.02 0.187± 0.001 0.177± 0.003 297 18088
M92 2.72± 0.03 0.198± 0.002 0.172± 0.003 699 12666
M96 2.29± 0.02 0.191± 0.002 0.163± 0.003 1240 17287

Table 12.1: Parametrization for the RAR fit to each dataset. Column g† is the
parametrization for Eq. 10.2 and its bootstrap uncertainty, σg† and ∆g†

are the standard deviation scatter and the 68 % interval scatter respec-
tively reported with their bootstrap uncertainty. The final two columns
represent the number of galaxies and number of samples in the RAR.

(in log space) and not the scatter which is of interest for this study. Figure 12.1 shows

a two dimensional histogram of measured points in the RAR for each dataset. Each

dataset has been fit individually with Eq. 10.2 using orthogonal distance regression in

log10(gbar), log10(gobs) space. The results of each fit can be seen in Table 12.1, where

each row represents one dataset, the scale parameter g† and scatter measurements

σg† , ∆g† about the relation are given in columns 2, 3, and 4 respectively. Bootstrap

uncertainties are presented alongside their corresponding quantity. Columns 5 and 6

give the number of galaxies and points in the RAR for each dataset. Of interest for

this analysis is the random scatter about the RAR and not its exact parametrization

(g†). Two measures of scatter are used, with σg† representing a standard choice for

scatter measurements and ∆g† used as it is robust to outliers. Figure 12.2 presents a

histogram of the residuals for each dataset along with a Gaussian fit for comparison;

this figure demonstrates the non-Gaussian nature of these calculations.

All fits return values for g† that are comparable, however they differ by far more

than the bootstrap random uncertainty. These are signatures of systematic differences
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between the surveys, as expected, but are not the focus of this work. The σg† scatter

about each relation has a median value of 0.19 dex, while the median ∆g† interval

scatter is 0.17 dex. The larger σg† scatter for SV is due to small sample size, as can

be seen in Figure 12.1 only a few galaxies that deviate significantly from the fitted

RAR are increasing the scatter. The ∆g† scatter is much more consistent with the

others as it is robust to outliers. SP has the lowest scatter of the surveys, which may

be an unintended result of the careful selection of galaxies for the study. SF has the

second lowest scatter and it too had a careful selection criteria in the choice of its

sample.

As stated earlier non-circular motions are a potential source of observational scat-

ter (see Section 10.2.2). They should only be substantial in the inner regions of a

galaxy, within one effective radius. To test the effect of non-circular motions, the

fitting routine was applied to data only exterior to one effective radius in each galaxy.

Table 12.2 presents the results of this analysis, with an identical format as Table 12.1.

It is clear that the effective radius cut is quite strong, removing ∼ 40 % of the data.

The ∆g† observational scatter does indeed go down after this cut to a median value

of 0.14 dex. The relative uncertainty (δV/V ) is higher in the inner regions due to

lower V values, thus it is not surprising that the scatter reduces by some amount.

Section 12.2.2 will show that this reduced scatter is still not small enough to explain

with observational uncertainties alone.



12.1. THE SCATTER IN THE OBSERVED RAR 119

Survey g† (10−10 m s−1) σg† (dex) ∆g† (dex) N Galaxies N Samples

SV 2.72± 0.13 0.150± 0.010 0.120± 0.013 19 318
SP 2.35± 0.04 0.122± 0.002 0.121± 0.006 113 1799
SF 2.17± 0.02 0.129± 0.001 0.125± 0.002 164 10080
C97 1.71± 0.02 0.159± 0.001 0.151± 0.003 293 8645
M92 2.45± 0.03 0.173± 0.002 0.156± 0.004 685 8543
M96 2.03± 0.02 0.174± 0.002 0.151± 0.003 1207 11968

Table 12.2: Parametrization for the RAR fit to each dataset with all radii below one
Re removed. For a description of the columns see Table 12.1.
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Figure 12.1: The RAR for each dataset with an independent fit of Eq. 10.2 in red.
Orange shows the median, and blue represents a 68.3 % interval range
for data binned in the x-axis.
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Figure 12.2: Histogram of residuals for each dataset. A Gaussian fit is overlaid in
blue for comparison; the tails show non-Gaussianities of the RAR which
can significantly impact scatter measures.
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Parameter SV SP SF C97 M92 M96

Dynamical Mass 0.43 -0.03 0.10 0.21 0.25 0.33
Distance 0.00 -0.05 0.06 -0.06 0.05 0.05

Central Surface Brightness -0.26 0.12 -0.01 -0.21 -0.12 -0.11
Morphological Type -0.19 0.08 0.01 -0.08 -0.09 -0.03

Isophotal R23.5 0.35 -0.02 0.05 -0.01 0.16 0.13
Luminosity 0.43 -0.17 0.10 0.05 0.09 0.12

Rotational Velocity 0.33 0.08 0.06 0.33 0.32 0.39
Inclination 0.11 -0.10 -0.03 0.08 0.17 0.12

Effective Radius 0.28 -0.03 0.11 0.06 0.09 0.08

Table 12.3: Pearson r correlation coefficients between the RAR scatter and several
galaxy parameters. Each column represents one of the datasets while each
row represents a galaxy parameter for which the correlation is computed.
A significant and consistent correlation is not found for any parameter in
the table.

12.1.2 Testing for Dependencies of the Residuals

One may now ask if the RAR fit scatters are correlated with any other variables.

Considering how tight the RAR already is, any strong correlations would be remark-

able. Plotted in Appendix C are the scatters as a function of several variables. To

help visualize any trends, lines are overlaid indicating median and 68.3% intervals.

As a more quantitative measure, the Pearson r correlation coefficients are listed

in Table 12.3, Appendix C presents plots of the residuals as well. Most of the param-

eters show no consistent correlation across all surveys, the outliers being dynamical

mass and rotational velocity. These two parameters are very closely related as the

dynamical mass is calculated from the velocity profile. The correlation with V is

strongest, with a median correlation of 0.33 between the different surveys; this is not

a strong correlation.
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12.2 A Simulated RAR with Scatter

12.2.1 A Simulated Galaxy on the RAR

The central focus of this work is to determine if the scatter about the RAR can be ex-

plained by observational uncertainties. Evaluating those uncertainties can, however,

be challenging. There are several sources of observational uncertainty, some of which

are not best described using normal distributions. For example the distribution of

corrected inclinations has a hard limit at 90◦. Further, the observed quantities are

transformed through several calculations before arriving at the quantities of interest

which are the radial accelerations. These transformations can distort what was a

normal distribution into a biased form. This is handled to first order in standard

uncertainty analysis by multiplying the derivative in the expression when adding un-

certainties. As the scatter is the quantity of interest for this analysis, a more advanced

technique was desired.

Monte-Carlo sampling described in Section 10.5.3 allows one to fully account for all

non-linearities in each transformation. Observational data are simply re-sampled and

then put through the same calculations (and cuts) as the observed data to obtain new

“observed” quantities. To generate these Monte-Carlo simulations a model is needed

for the uncertainties at each point. Each study reports an uncertainty along with every

velocity measurement and these are re-sampled in the simulation using a Gaussian

distribution. Thus, if velocity data points on the outskirts of a rotation curve tend

to have larger uncertainties, the Monte-Carlo simulation will properly reflect this.

Although generally much smaller, the measurements of surface brightness for a light

profile have associated uncertainties that are treated with a Gaussian as well.
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The studies also report a distance for each galaxy, which has considerable uncer-

tainty that can impact the RAR. SV and SP report uncertainties for some (SV) or

all (SP) of the distance measurements, for the others there is no uncertainty included

and 15 % distance uncertainty is used (see Section 10.3.3). To properly represent the

distance uncertainty, a Gaussian is used in log space to scale the distance by the

available uncertainty. The resulting distribution for distances is thus non-Gaussian

in linear space; this also naturally avoids cases where the large distance uncertainties

in cluster environments (SV, and some of SP) could scatter to negative values.

Inclination is given an uncertainty in two stages. First, the axis ratio is given

an uncertainty using a Gaussian with σ = 0.02 corresponding roughly to a standard

5 % when combined with the q0 uncertainty. The distribution is truncated at 0 and

1 as these are the limits of the parameter. Second, an uncertainty on the intrinsic

thickness q0 is used with a truncated Gaussian; centred on 0.2 with σ = 0.03 and

truncated to be between 0.1 and 0.3 as this represents a conservatively large range in

which a galaxy may fall (see Section 10.3.1). These are combined through Eq. 10.1

in the Monte-Carlo analysis. The mass-to-light ratio for each mass measurement is

given a random uncertainty of 0.13 dex (Roediger and Courteau 2015). Systematic

uncertainties in M∗/L can be as large as 0.3 dex which explains why the studies

in this analysis are not combined. Each of these uncertainties are included in the

Monte-Carlo analysis when re-sampling a point in the RAR.

Once a galaxy has been re-sampled, it can go through the same calculations as were

performed on the observed data. This includes any data quality cuts, fits, and other

non-linear components of the analysis. For example, a galaxy that initially passed the

inclination cut (i > 30◦ required) may randomly end up below the cutoff threshold in
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the simulation and will be discarded. Similarly, re-sampled velocity points may move

into or out of the allowed region (δV/V < 0.1 and V > 10 km s−1). Some quantities

are re-sampled for the whole galaxy, such as the distance and inclination, and thus

represent a correlated uncertainty for all samples from that galaxy. Any scatter along

the RAR may also be missed in a simplified analysis. Figure 12.3 shows the effect of

re-sampling two galaxies, showing the simulated rotation curve and resulting position

on the RAR. It can be seen that the data are sometimes scattered very far from the

original position, as all points were initially on the RAR (see Section 12.2.2) before

uncertainties were introduced. However, the data quality cuts generally eliminate

points that scatter very far, reducing the resulting scatter. In this model it is clearly

incorrect to state that each point on the RAR is independent. This also shows that

it is important to include data quality cuts in the Monte-Carlo simulation.
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Figure 12.3: Two galaxies with simulated rotation curves and corresponding data
points on the RAR. Points were forced to lay on the RAR before being
re-sampled (see Section 12.2.2). The rotation curves align with the RAR
plot below them, with SV VCC0801 on the left and VCC2058 on the
right. All uncertainties are included, the cuts are modelled as well, with
red points indicating ones that are removed from the analysis while black
points passed all cuts.

12.2.2 Simulated RAR Under Zero Scatter Assumption

With a procedure for re-sampling the observed data, one may impose the zero scatter

assumption and compare to observations. Putting each observation on the RAR

requires choosing where on the relation it should go. One may simply keep one of gbar

or gobs constant and move the point along the other axis, however the uncertainty in

each axis is comparable and so neither could justifiably be chosen to remain constant.

Instead, the nearest point on the RAR is used; this has the added benefit of moving
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each point the minimum possible distance from its original observation. This point

is taken as the “true” value from which observational uncertainties will be added.

Once the new gbar and gobs are chosen, the original measurements must be altered to

match. This is done by choosing a new velocity and mass-to-light ratio to re-adjust

gobs and gbar respectively. Eq. 12.1 presents the calculation used to infer the velocity

and mass-to-light ratio.

Vobs = sin(i)
√
Rgobs

M∗/L =
gbarR

2

GL
,

(12.1)

which are simply the equations from Section 10.4 rearranged to find the measured

values given acceleration. The choice of RAR parametrization used is the fitted value

from Table 12.1 individually for each dataset. Note that the simulated baryonic

M∗/L is chosen under the spherical potential assumption as inverting the multi-

pole expansion used in the flat disk potential analysis would have added unnecessary

complexity. Thus, uncertainties from the multi-pole expansion are not accounted for

in this model; these are expected to be small as the expansion is taken to near the

point of convergence (< 2 % offset in tests with analytic potentials).

A new dataset is created from each study by re-sampling every point once. After

the new dataset is generated, it can be treated just like the original observations with

all of the same transformations and fits (except the flat disk potential). Figure 12.4

presents the simulated RAR which qualitatively matches with the observed data. For

several of the studies one can see where individual galaxies have scattered coherently

away from the relation, this is due to shared uncertainties such as distance and incli-

nation. For each survey Figure 12.5 shows a histogram of the residuals; the simulated
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RAR shows clear non-Gaussianity with extra observations in the tails. This effect

becomes more substantial if the data quality cut δVobs/V < 0.1 is relaxed. These

non-Gaussianities reflect higher order effects in the gbar and gobs calculations, Fig-

ure 12.4 suggests that the non-linearities in gobs can result in the greatest deviations

from the RAR. A handful of points scatter more than an order of magnitude away

from the RAR fit, this is seen in both the observed and simulated relation. Large

scattering below the fit comes from velocity uncertainties which are squared in the

gobs calculation; this effect is mostly mitigated by the Vobs > 10 km s−1 requirement

and is more substantial if the cut is relaxed. Large scattering above the fit is mostly

from distance uncertainties due to the 1/d in the gobs calculation scattering near zero.
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Figure 12.4: Simulated RAR sampled using values and uncertainties from each
dataset.
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Figure 12.5: Histogram of residuals for each dataset. A Gaussian fit is overlaid in
blue for comparison.
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More quantitatively, Table 12.4 presents the results of fitting the simulated data

in the same way as the observed data. The rows and columns are organized as in

Table 12.1. The number of galaxies and number of samples in Table 12.4 is not the

same as in Table 12.1 because the cuts are re-applied to the data after simulation. For

every dataset, the scatter is below the scatter in the observed relation from Table 12.1,

in all cases by more than 5σ, with a median σg† scatter of 0.11 dex and median ∆g†

scatter of 0.10 dex. The tabulated uncertainties in the scatter must over-predict

the confidence in this result as they only represent random uncertainties under the

assumption that each data point is independent. The low uncertainties simply reflect

the large amount of data in each study and indicate that if an identical procedure

was performed many times, the same answer would result. The uncertainty in σg†

and ∆g† can also be evaluated by running the Monte-Carlo simulation multiple times,

doing this gives similar uncertainties as the bootstrap method, typically ∼0.003 dex

between the datasets with SV having larger values and M96 having smaller values.

An avenue for future work would be to examine the effect of model choices on the

scatter (i.e. disk flattening prescription) as this could cause changes larger than the

bootstrap uncertainty. It is notable that the fitted values for g† in the simulated data

are different from the observed values for g†, despite the observed value being assumed

during the simulation. In all cases, the simulated g† value is above the observed value,

this indicates a systematic shift induced by the RAR calculations. This may be an

interesting avenue for future investigation as it is not the focus of this study.

The simulated and observed scatter can be compared to first order by subtracting

in quadrature the σg† (or ∆g†) values of the simulated RAR from the observed. Doing
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Survey g† (10−10 m s−1) σg† (dex) ∆g† (dex) N Galaxies N Samples

SV 3.53± 0.06 0.117± 0.002 0.120± 0.005 36 1744
SP 2.48± 0.04 0.118± 0.002 0.113± 0.005 116 2259
SF 2.70± 0.01 0.093± 0.001 0.093± 0.002 165 17417
C97 2.30± 0.01 0.087± 0.001 0.084± 0.001 298 17511
M92 3.15± 0.02 0.102± 0.001 0.098± 0.002 698 11729
M96 2.61± 0.01 0.109± 0.001 0.102± 0.002 1225 13312

Table 12.4: Parametrization for the RAR fit to each simulated dataset. For a de-
scription of the columns see Table 12.1.

this yields a rough measure of the intrinsic scatter, as it is the component not ex-

plained by the observational uncertainties. The median value for the approximated in-

trinsic scatter is 0.16 dex using σg† , and it is 0.13 dex using ∆g† . The ∆g† value should

be considered more reliable. Compared to the simulated scatter, the intrinsic scatter

accounts for ∼ 60 % of the observed scatter (using: 1 = ( ∆intrinsic

∆observed
)2 + (∆simulated

∆observed
)2).

Each of the surveys individually has an intrinsic scatter near 60 % of the total ob-

served scatter except SP for which it is 26 % (inferred intrinsic scatter for each model:

56 %, 26 %, 59 %, 77 %, 67 %, and 61 % for SV, SP, SF, C97, M92, M96 respectively).

This is consistent with approximately half of the observed RAR scatter being due to

intrinsic galaxy variations and half due to observational uncertainties.

In Table 12.2 it was seen that the scatter reduced when data below one effective

radius is removed; comparing to the simulated scatter in Table 12.4 it is clear that

non-circular motions are not the cause of the discrepancy in scatter. In all cases,

except SV, the simulated scatter is below the observed scatter outside one effective

radius. SV has a ∆g† scatter that is the same in both tables, however it has so little

data (19 galaxies) when the effective radius cut is applied that it is not significant

compared to all the other studies.
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Parameter SV SP SF C97 M92 M96

Dynamical Mass 0.19 -0.08 -0.04 -0.04 0.03 -0.02
Distance -0.08 -0.01 -0.15 -0.01 -0.05 -0.02

Central Surface Brightness -0.16 0.02 -0.12 0.03 -0.04 -0.01
Morphological Type -0.22 0.01 -0.08 -0.06 -0.06 0.02

Isophotal R23.5 0.27 -0.05 -0.05 -0.02 0.06 0.01
Luminosity 0.23 -0.03 -0.01 -0.08 0.00 -0.03

Rotational Velocity 0.19 -0.11 0.03 -0.05 0.03 -0.02
Inclination -0.03 0.04 0.05 0.21 0.13 0.11

Effective Radius 0.18 -0.10 -0.05 0.03 0.05 0.01

Table 12.5: Pearson r correlation coefficients between the RAR scatter and several
galaxy parameters. Each column represents one of the datasets while each
row represents a galaxy parameter for which the correlation is computed.
A significant correlation is not found for any parameter in the table.

As with the observed data, it is possible to compare the simulated data to the

simulated galaxy parameters to see if there are any correlations. This may indicate

biases in the calculations that skew the relation away from the RAR systematically.

Table 12.5 shows the Pearson r correlation values formatted identically to Table 12.3.

As in the observed scatter, SV shows large correlations indicating that the small

sample size is likely causing small fluctuations to appear as correlations. The rota-

tional velocity is not seen to correlate as strongly in the simulated data as in the

observed data, this may be a further avenue to explore in the future. For the most

part, the simulated correlations are small, with fluctuations similar to those seen in

the observed data.
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Chapter 13

Summary and Conclusions

13.1 Summary

Scaling relations represent a critical tool for analyzing the structure and formation

of galaxies as well as for cosmological studies. The Radial Acceleration Relation is a

local scaling relation comparing the observed dynamics in a galaxy with that which

would be expected from the visible matter alone. Lelli et al. (2017) suggest that the

scatter in the relation is tight enough that it is consistent with zero intrinsic scatter for

the relation. If true, this would be in strong tension with the ΛCDM paradigm. This

thesis computed the RAR for an unprecedented large sample of galaxies, amounting

to over 2500 galaxy observations and approximately 70,000 points on the RAR. This

is more than an order of magnitude improvement over the analysis of Lelli et al.

(2017). Robust fitting techniques are used to parametrize the RAR and bootstrap

uncertainties determine the random error. To test the zero scatter hypothesis, a

Monte-Carlo simulation is used. It is built on the zero intrinsic scatter assumption

and produces the RAR as it would appear with only observational uncertainties. The
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resulting scatter falls below the observed scatter for all surveys. Considering boot-

strap determined random uncertainties, the differences are too large to be explained

by random uncertainty. Some intrinsic scatter must be invoked to explain the distri-

bution of galaxies in the RAR, this must be of order 0.13 dex to explain the observed

scatter. This result is consistent with the ΛCDM paradigm, but unexpected in a

MOND framework. To test for spurious correlations, the scatter in the RAR was

tested against several galaxy parameters. Using the Pearson r correlation coefficient,

we confirmed that no significant correlations exist in the scatter.

13.2 Future Work

We have clearly demonstrated that the intrinsic scatter of the RAR is non-zero.

However, additional avenues may still be explored. For instance, Lelli et al. (2017)

show that the stellar acceleration can be used instead of the baryonic acceleration in

the RAR. This is surprising as in some galaxies the baryonic mass is less than 50 %

stars. For this thesis, the stellar acceleration was indeed used as the surveys did not

have resolved HI intensity maps. We could include the HI mass profiles in future work

to verify that the scatter is unaffected.

Our study of galaxy light profiles may also benefit from bulge/disk decompositions

to test if the scatter can be reduced by using separate mass-to-light ratios for each

component. This should not strongly impact our results. SV and SF already have

resolved colour profiles (i.e. variable M∗/L) and they also confirm our result of the

RAR having intrinsic scatter. A more accurate model of the baryonic potential could

still be generated, one with a spherical bulge and flattened disk. The current analysis

assumes that the whole galaxy is flattened.
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Further investigations into sources of uncertainty could be an enlightening avenue

for future work. With studies of 2D velocity fields it has been found that sometimes

the slit alignment for rotation curve measurement is incorrect by a few degrees. This

systematically biases the rotation curve to be low, and may alter the position of a

galaxy on the RAR (Aguerri et al. 2015). In this analysis only the reported rotation

curve uncertainties were used to reflect these sorts of effects. However, it may be useful

to include in the uncertainty model, a fraction of galaxies that are systematically

biased to low velocities. Other coherent effects on the light profiles and rotation curves

could be included in the uncertainty model as well, such as atmospheric smearing and

non-circular motions. In this thesis, seeing effects are handled by simply removing

points within 5 arcsec of the galaxy centre; yet these points typically also have high

signal to noise and our analysis could be strengthened by their inclusion if modelled

properly. In the outer regions of light profiles, properties such as the disk scale

length used for modelling the gravitational potential also depend on the assumed

disk fitting function and disk profile shape (Pohlen and Trujillo 2006; Bovy 2015). It

may be instructive to look at the systematic effects of an assumed algorithm.

Perhaps the most interesting avenue for future investigation is the application

of this technique to other scaling relations. Of great interest for simulations is the

amount of scatter to include in sub-grid physics relations to match what occurs in

nature. As the base observations are re-simulated, potentially any scaling relation

which uses the measurements presented in this thesis can now be investigated with

the same level of sophistication.
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13.3 Conclusions

In this thesis, several datasets were collated to test the analysis of Lelli et al. (2017)

who report an RAR scatter consistent with being intrinsically zero. Our analysis has

over an order of magnitude more data than Lelli et al. (2017). Our method used

a Monte-Carlo simulation that reflected the observational uncertainties in order to

compare with the scatter in the measured relation. Several observational uncertainties

were accounted for: velocity, inclination, mass-to-light ratio, distance, and surface

brightness. An advantage of the Monte-Carlo simulation is that it can naturally

handle complicated model uncertainties with correlations between parameters and

highly non-linear calculations. The uncertainty on the scatter was evaluated using

a bootstrap technique which better approximates the random uncertainty. These

tools allowed for careful comparison of the observed and simulated scatter so as to

produce a confident result. It is found that the intrinsic scatter of the RAR in spiral

galaxies is in fact non-zero with a median intrinsic scatter of 0.13 dex, accounting for

approximately half of the observed scatter. The median observed scatter was 0.17 dex

while the median simulated scatter was 0.10 dex with bootstrap uncertainties of order

0.002 dex. Encouragingly, these techniques are not challenging to implement, and

simply take advantage of the increased computing power available today. All things,

and especially uncertainties, considered, the standard model of galaxy formation in

ΛCDM is not challenged by the extensive study of the RAR presented in this thesis.
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Isaac Newton Telescope library of empirical spectra. MNRAS, 371:703–718,

September 2006. doi: 10.1111/j.1365-2966.2006.10699.x.

R. H. Sanders and S. S. McGaugh. Modified Newtonian Dynamics as an Alternative

to Dark Matter. ARA&A, 40:263–317, 2002. doi: 10.1146/annurev.astro.40.060401.

093923.

P. Santini, A. Fontana, M. Castellano, et al. The Star Formation Main Sequence in

the Hubble Space Telescope Frontier Fields. ApJ, 847:76, September 2017. doi:

10.3847/1538-4357/aa8874.

M. Schmidt. The Rate of Star Formation. ApJ, 129:243, March 1959. doi: 10.1086/

146614.

P. Schneider. Extragalactic Astronomy and Cosmology. 2006.

R. H. M. Schoenmakers, M. Franx, and P. T. de Zeeuw. Measuring non-axisymmetry

in spiral galaxies. MNRAS, 292:349–364, December 1997. doi: 10.1093/mnras/292.

2.349.

S. B.-D. Shai Shalev-Shwartz. Understanding Machine Learning: From Theory to

Algorithms. Cambrige University Press, July 2014. ISBN 9781107057135.



BIBLIOGRAPHY 157

P. Sikivie. Dark Matter Axions. International Journal of Modern Physics A, 25:

554–563, 2010. doi: 10.1142/S0217751X10048846.

P. Sikivie and Q. Yang. Bose-einstein condensation of dark matter axions. Phys.

Rev. Lett., 103:111301, Sep 2009. doi: 10.1103/PhysRevLett.103.111301. URL

https://link.aps.org/doi/10.1103/PhysRevLett.103.111301.

Y. Sofue and V. Rubin. Rotation Curves of Spiral Galaxies. Annual Review of

Astronomy and Astrophysics, 39:137–174, January 2001. doi: 10.1146/annurev.

astro.39.1.137.

K. Spekkens and J. A. Sellwood. Modeling Noncircular Motions in Disk Galaxies:

Application to NGC 2976. ApJ, 664:204–214, July 2007. doi: 10.1086/518471.

V. Springel, C. S. Frenk, and S. D. M. White. The large-scale structure of the

Universe. Nature, 440:1137–1144, April 2006. doi: 10.1038/nature04805.

J. A. Suykens and J. Vandewalle. Least squares support vector machine classifiers.

Neural processing letters, 9(3):293–300, 1999.

C. Szegedy, W. Liu, Y. Jia, et al. Going deeper with convolutions. In Proceedings of

the IEEE conference on computer vision and pattern recognition, pages 1–9, 2015.

K. P. Thompson. The Nature of Length, Area, and Volume in Taxicab Geometry.

ArXiv e-prints, January 2011.

S. Tong and D. Koller. Support vector machine active learning with applications to

text classification. Journal of machine learning research, 2(Nov):45–66, 2001.

https://link.aps.org/doi/10.1103/PhysRevLett.103.111301


BIBLIOGRAPHY 158

A. Toomre. On the Distribution of Matter Within Highly Flattened Galaxies. ApJ,

138:385, August 1963. doi: 10.1086/147653.

C. Trachternach, W. J. G. de Blok, F. Walter, E. Brinks, and J. Kennicutt, R. C.

Dynamical Centers and Noncircular Motions in THINGS Galaxies: Implications for

Dark Matter Halos. AJ, 136:2720–2760, December 2008. doi: 10.1088/0004-6256/

136/6/2720.

S. Trujillo-Gomez, A. Klypin, J. Primack, and A. J. Romanowsky. Galaxies in ΛCDM

with Halo Abundance Matching: Luminosity-Velocity Relation, Baryonic Mass-

Velocity Relation, Velocity Function, and Clustering. ApJ, 742:16, November 2011.

doi: 10.1088/0004-637X/742/1/16.

R. B. Tully and J. R. Fisher. A new method of determining distances to galaxies.

A&A, 54:661–673, February 1977.

S. van den Bergh. The Early History of Dark Matter. Publications of the Astronomical

Society of the Pacific, 111:657–660, June 1999. doi: 10.1086/316369.

P. C. van der Kruit and L. Searle. Surface photometry of edge-on spiral galaxies. I -

A model for the three-dimensional distribution of light in galactic disks. A&A, 95:

105–115, February 1981.

A. Vazdekis, P. Sánchez-Blázquez, J. Falcón-Barroso, et al. Evolutionary stellar pop-

ulation synthesis with MILES - I. The base models and a new line index system.

MNRAS, 404:1639–1671, June 2010. doi: 10.1111/j.1365-2966.2010.16407.x.

S. Wang, Y.-F. Wang, Q.-G. Huang, and T. G. F. Li. Constraints on the Primordial

Black Hole Abundance from the First Advanced LIGO Observation Run Using



BIBLIOGRAPHY 159

the Stochastic Gravitational-Wave Background. Phys. Rev. Lett., 120:191102, May

2018. doi: 10.1103/PhysRevLett.120.191102.

S. Weinberg. Gravitation and Cosmology: Principles and Applications of the General

Theory of Relativity. 1972.

S. Weinberg. A new light boson? Phys. Rev. Lett., 40:223–226, Jan 1978.

doi: 10.1103/PhysRevLett.40.223. URL https://link.aps.org/doi/10.1103/

PhysRevLett.40.223.

K. Q. Weinberger and L. K. Saul. Distance metric learning for large margin nearest

neighbor classification. Journal of Machine Learning Research, 10(Feb):207–244,

2009.
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Appendix A

Comparison of Dataset Measured Quantities

Presented here are several measured and inferred quantities for the galaxies in each

dataset. The plots all have six panels, one for each survey. Within each panel is

a histogram with all six studies sharing the same x-axis, the y-axis (representing

counts) is allowed to vary for each panel. One must keep in mind the large range in

the number of samples for each survey with SV having 46 galaxies while M96 has over

900. These plots allow for visual comparison between each survey to demonstrate the

extensive parameter space covered by the combined analysis. Figure A.9 shows the

location of all galaxies on the sky, with colours indicating the dataset for each point.
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Figure A.1: Morphological type distribution for each dataset. SP clearly samples a

broad range of morphological types. SV also has broad representation,
while the others focus mostly on Sb, Sc, and some Sd.
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Figure A.2: The photometric band for each survey is identified in the upper right

corner of each panel. As these match only for three surveys (in I-band),
a direct comparison of luminosities between all the datasets cannot be
made. However, one notes that SV and SP cover a broad range of lumi-
nosities. SF has a narrow distribution by design from their strict selection
criteria.
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Figure A.3: Rotational velocity at the effective radius. SV and SP show a bias for
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M92 and M96 have broad distributions that peak around 120 km s−1
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Figure A.4: The photometric band for each survey is identified in the upper right

corner of each panel. As these match only for three surveys (in I-band),
a direct comparison of surface brightnesss between all the studies cannot
be made. However, one notes that SV and SP have broad distributions
with SP showing two peaks, likely due to selection effects and not a true
distribution. Compared to M92 and M96 (all I-band), SF has a slightly
lower average central surface brightness.
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Figure A.5: Dynamical mass evaluated at the effective radius. As with luminosity,

SF masses fall in a tight range compared to the others. SP has the widest
range while C97, M92, and M96 are very nearly the same with a peak
around 1010.5 M�.
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Figure A.6: Stellar mass evaluated at the effective radius. As with luminosity, SF

masses fall in a tight range compared to the others. SP has the widest
range and appears to have two peaks. C97, M92, and M96 are very
nearly the same with a peak slightly above 1010 M�. SV probes some of
the lowest stellar mass systems in the sample.
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datasets. The other four are quite similar with SF and C97 being slightly
higher than M92 and M96.
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Colours are the same as in previous plots, a different symbol is used for each dataset to aid
visibility.
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Appendix B

Scaling Relations for Each Dataset

This Appendix examines the correlations between available galaxy structural param-

eters. Each figure shows, for a single survey, a matrix of parameter relations. Along

each axis is the: absolute magnitude, morphological type, R23.5, effective radius, rota-

tion velocity, central surface brightness, and the inclination. Luminosity is not shown

as it is a direct function of absolute magnitude. The quantities: R23.5, effective radius,

and rotation velocity are plotted in log as this is the most common format for scaling

relations. The lower triangle has 2D histograms showing the comparison for the data

used in this thesis. The diagonal has a 1D histogram for the corresponding parameter,

as in Appendix A. The upper triangle indicates the Pearson r correlation coefficient

with a colour also scaled by the correlation (red for positive, blue for negative).
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Figure B.1: Plot matrix for SV showing relationship between various measured quan-
tities.
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Figure B.2: Plot matrix for SP showing relationship between various measured quan-
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Figure B.3: Plot matrix for SF showing relationship between various measured quan-
tities.



175

M
R -0.923 0.322 -0.582 -0.789 -0.844 0.428 0.094

M
as

s d
yn

-0.297 0.583 0.847 0.920 -0.322 0.041

T -0.228 -0.112 -0.377 0.301 -0.078

R 2
3.

5

0.646 0.424 0.059 0.085

R e 0.571 0.065 0.150

V e -0.544 -0.046

0 0.095

MR

i

Massdyn T R23.5 Re Ve 0 i

Figure B.4: Plot matrix for C97 showing relationship between various measured quan-
tities.
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Figure B.5: Plot matrix for M92 showing relationship between various measured
quantities.
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Figure B.6: Plot matrix for M96 showing relationship between various measured
quantities.
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Appendix C

The Residuals in the RAR Against Individual

Galaxy Parameters

Presented here are the residuals of the RAR and how they relate to various galaxy

parameters. Each plot has six panels with one for each dataset as labelled. The

panels have 2D histograms with the x-axis as a chosen galaxy parameter and the

y-axis as the residual. Overlaid on the histogram is a median line in orange and a

68.3 % interval as two blue lines. The residuals are broadly observed to be flat, with

the strongest correlation being a slight dependence on velocity.
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Figure C.1: Residuals from the fit to Eq. 10.2 as a function of dynamical mass eval-
uated at the effective radius.
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Figure C.2: Residuals from the fit to Eq. 10.2 as a function of Vrot evaluated at the
effective radius.
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Figure C.3: Residuals from the fit to Eq. 10.2 as a function of inclination of the galaxy.
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Figure C.4: Residuals from the fit to Eq. 10.2 as a function of Morphological Type.
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Figure C.5: Residuals from the fit to Eq. 10.2 as a function of Total Luminosity.
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Figure C.6: Residuals from the fit to Eq. 10.2 as a function of the effective radius
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Figure C.7: Residuals from the fit to Eq. 10.2 as a function of R23.5.
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Figure C.8: Residuals from the fit to Eq. 10.2 as a function of distance.
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Figure C.9: Residuals from the fit to Eq. 10.2 as a function of central surface bright-
ness.
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