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ABSTRACT

Accurate mass estimates for galaxy groups and clusters are important for under-

standing the evolution of matter within the universe. In this thesis we first discuss

methods of mass estimation currently used within the literature, and introduce a

set of scaling relations for mass estimation in cases where literature methods are

not applicable. We find that methods based on group richness provide the best

(i.e. lowest scatter) mass estimator.

Secondly, we study the impact of feedback on hot group gas for a sample

of optically selected groups. We refine the group selection using their dynami-

cal state, identified through substructure in the distribution of member galaxies.

We find this sample to be underluminous compared to an X-ray selected sam-

ple. Furthermore, with two groups showing high 2σ lower limits on entropy, the

population of high entropy groups predicted by hydrodynamical simulations may

have been detected.

Finally, we combine measures of dynamical state and mass estimation scaling

relations to understand how the presence of substructure can impact upon the

ability to reliably estimate group and cluster masses. We find that substructure

introduced through poor group identification has the largest effect on the quality

of the final mass estimates.
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Chapter 1

INTRODUCTION

Galaxy groups and clusters are the largest gravitationally bound structures in

the Universe. Containing around half of all galaxies [Tully, 1987], they are ex-

cellent laboratories for understanding the formation, evolution and distribution

of structure. An early example of their utility is the role that the dynamics and

total light of cluster galaxies played when dark matter was first inferred [e.g.

Zwicky, 1937], demonstrating that luminous matter makes up a small fraction of

the Universe’s matter content.

As measured by galaxy redshift surveys [e.g. 2dFGRS and SDSS, Colless

et al., 2001; York et al., 2000], the distribution of galaxies has shown that they

exist within the large scale structure of the Cosmic Web (e.g. Figure 1.1). Com-

paring the observed galaxy distribution to the dark matter structures produced

in simulations such as the Millennium Simulation [Springel et al., 2005] have fur-

ther improved our understanding of how these structures form — i.e. through

the hierarchical, bottom-up assembly of dark matter halos. Group and cluster

halos form at the nodes in the Cosmic Web, and grow through accretion of matter

1



falling in along connected filaments.
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Figure 1.1: The Cosmic Web as observed by the Sloan Digital Sky Survey [York
et al., 2000]. Galaxies were taken from the New York University Value Added
Galaxy Catalogue [Blanton et al., 2005] with redshifts z < 0.3 and declination
|δ| < 1 deg.

Dark matter only interacts gravitationally with ordinary matter, and therefore

observational constraints on the properties of the dark matter distribution can

only be inferred from this gravitational influence on observable matter. This

introduces the concept of a mass tracer, such as the galaxies within the halo,

whose properties or distribution are influenced by the mass and distribution of

the underlying dark matter halo. As the mass of a halo is a fundamental property

of a group or cluster, knowledge of which is important for cosmology [e.g. the

mass function of halos, Murray et al., 2013; Press and Schechter, 1974] and

the study of group and cluster evolution [e.g. cosmic feedback and breaking of

2



self-similarity, Bower et al., 2006; McCarthy et al., 2010], understanding and

estimating halo masses is important.

Current methods for mass estimation work best for large halos where the

signal-to-noise is highest. In these large halos, non-gravitational effects and dy-

namical disturbances also have a reduced impact on their baryonic properties

and masses estimated through such tracers. In low mass halos statistics can be

poor and disturbances significant. Coupled with selection methods that can have

various selection effects, it can be difficult to understand the properties of low

mass halos.

The aim of this thesis is to understand how unbiased mass estimation can be

extended to the scale of galaxy groups, and to understand how scatter in mass

estimates can be linked to dynamical disturbances within groups and clusters.

Additionally, we present a pilot study to illustrate an alternative to traditional,

X-ray selection methods, using substructure to define a sample in which the effect

of feedback on galaxy groups can be studied.

1.1 Galaxy Groups and Clusters

Optically, galaxy groups and clusters appear as a local excess, or overdensity, of

galaxies. Groups and clusters vary in scale from radii of a few hundred kpc for

the lowest mass groups with a few tens of galaxies (∼ 1013 M�) to several Mpc for

the highest mass clusters which can contain thousands of galaxies (∼ 1015 M�).

A simple expectation is that groups and clusters scale in similar ways with

mass (self-similarity, see Section 1.2), showing a smooth continuum of properties.

This makes it difficult to split samples into groups and clusters. In studies that

3



aim to characterise the behaviour of groups and clusters it can sometimes be

informative to broadly split a population, defining clusters to be objects above

some appropriate limit such as halo mass (e.g. M500 > 1014 M�), or by gas

properties such as temperature (e.g. kTgas > 2 keV). We adopt a loose definition

of the terms “group” and “cluster”, using them to simply indicate the scale of

objects, where groups are structures with masses of a few 1013 M�, whilst galaxy

clusters have masses of several 1014 M� and higher.

1.1.1 Formation

The galaxy groups and clusters we see today are believed to have grown from

Gaussian density perturbations in the otherwise homogeneous matter distribution

of the early universe [e.g. Press and Schechter, 1974; van de Weygaert and Bond,

2008]. Observationally we see these perturbations as small temperature variations

on the Cosmic Microwave Background, corresponding to regions of slight matter

overdensity and underdensity relative to the mean at the time of recombination.

These overdensities will collapse through gravitational instability, forming dark

matter halos. Hierarchical formation describes the collapse of the smallest halos

first, later merging with larger structures as they collapse.

For a given initial perturbation, the simplest model describing the collapse

of a halo is the spherical collapse model [e.g. van de Weygaert and Bond,

2008]. Briefly, in this model a spherical overdensity is embedded within a uniform

density matter distribution. This sphere will expand linearly with the universe

until it reaches some maximum extent and critical overdensity where its evolution

becomes non-linear. At this point it separates from the Hubble flow (turnaround)

4



and begins to collapse into a relaxed halo.

As these halos collapse, baryonic matter is also accreted, ultimately forming

stars and galaxies. As hierarchical formation continues, these baryons evolve with

the halo through mergers and subsequent relaxation.

1.1.2 Contents

To understand the evolution of groups and clusters, it is important to understand

their contents (dark matter, hot gas and stars/galaxies) and how this matter is

distributed and evolves within the halo. In the following sections we will briefly

cover these mass components, building to the concept of the baryon budget.

Dark Matter

Dark matter, as the name implies, is a form of matter that negligibly interacts

electromagnetically (i.e. it neither absorbs nor emits electromagnetic radiation),

and therefore is unobservable beyond its gravitational effects. However, from

studies of the Cosmic Microwave Background (CMB) it is well established that

dark matter also makes up ∼ 83.5% of the universe’s matter content [Hinshaw

et al., 2013], with baryonic matter making up the remainder. Though the exact

proportion of dark matter to baryons is subject to discussion [Giodini et al., 2009;

Gonzalez et al., 2007; Sanderson et al., 2013], the majority of the mass within

groups and clusters is similarly made up of dark matter.

Dark matter was first inferred on large, cluster scales by Zwicky [1937] whilst

attempting to determine the mass of the Coma cluster of galaxies. The mass

inferred from the luminous galaxies within the cluster was found to be substan-

tially less than that determined from the dynamics of those galaxies. Though we
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would now expect ∼ 10% of the total mass to be contributed by hot intracluster

gas [e.g. Sanderson et al., 2013] which was unknown at this time, the difference

between dynamical mass and luminous mass implied that there was an unseen

form of matter present within the potential well.

The dominance of this dark matter, and its simple gravitational interactions,

have made it a fundamental component of cosmological simulations [e.g. Klypin

et al., 2011; Springel et al., 2005]. By simulating the primordial distribution of

dark matter as a distribution of N massive particles, the growth of structure

through gravitational collapse can be modelled. Simulated predictions for the

clustering of structures and the mass function can then be compared to obser-

vations, allowing cosmological models to be tested. Such N -body simulations

have demonstrated that structures form following the hierarchical scenario [e.g.

Springel et al., 2005]. This formation requires “cold” dark matter (i.e. non-

relativistic), such that the initial perturbations are not smoothed out as would

be seen in a “hot” (i.e. relativistic) dark matter universe.

In addition to predicting the large scale distribution of dark matter, studies of

N -body simulations such as Navarro et al. [1996] have shown how dark matter is

distributed within a halo. This is described by the Navarro-Frenk-White (NFW)

density profile,

ρ =
ρ0

r
rs

(
1 + r

rs

)2 , (1.1)

where ρ0 is a characteristic density and rs is the scale radius. The scale radius

is related to an overdensity radius such as r200 (the radius enclosing a mean

density 200 times the critical density of the universe, ρc
1) by the concentration

1The critical density at redshift z is ρc(z) = 3H(z)2/8πG, where H(z) =
H0

√
Ωm(1 + z)3 + ΩΛ = H0E(z).
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c200 = r200/rs. Dark matter halos have been found to follow this shape at all

mass scales, though a mass dependency in the concentration is observed [see, e.g.

Duffy et al., 2008]. As massive halos collapse at later times [van de Weygaert and

Bond, 2008], this mass-concentration relation is likely due to the evolution of the

density of the universe.

The increase in computing power over the last decade, as well as improve-

ments in our understanding of the universe, have allowed simulations to grow

significantly and to include baryonic physics on cosmological scales [e.g. the

OverWhelmingly Large Simulations project, Schaye et al., 2010]. For dark mat-

ter N -body simulations improvements in mass resolutions have allowed smaller

dark matter particles to be tracked throughout the simulation. For example,

the Millennium Simulation [Springel et al., 2005], followed 10 billion particles

of mass ∼ 8.6 × 108 h−1 M� within a cube with sides of length 500 h−1 Mpc

(where h = H0/100 km s−1 Mpc−1). The more recent Bolshoi simulation [Klypin

et al., 2011] followed only 8 billion particles in a smaller cube (250 h−1 Mpc), but

tracked much smaller particles of ∼ 1.35× 108 h−1 M�.

These simulations allow the study of the formation and evolution of structure

in the universe. As each dark matter particle is tracked, the merger history of

simulated halos is easily obtained. Provided they can be simulated, this can be

extended to testing models for the evolution of the baryonic component of the

universe, simulating the formation of galaxies and evolution of cluster gas. Full

hydrodynamic simulations can include the baryons as a further particle to trace.

Though as baryon physics, such as gas cooling and star formation, are compli-

cated processes that act on smaller scales than usually seen in large cosmological

simulations, robust hydrodynamic simulations can still be difficult to produce.
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A simpler alternative is to map galaxies onto the dark matter distribution us-

ing Semi-Analytic Models [SAM, e.g. Bower et al., 2006] or models of the Halo

Occupation Distribution [HOD, e.g. Skibba et al., 2006].

Gas

When observed at X-ray wavelengths, galaxy clusters are found to contain large,

diffuse sources of emission due to the presence of a hot gas reservoir in the halo,

the intracluster medium (ICM, e.g. Figure 1.2). As gas is accreted into the

halo, it will shock on any gas already present, raising its temperature to several

million Kelvin, hot enough for the ICM to radiate via X-ray emission [Sarazin,

2008]. Gas within a stable, undisturbed halo will reach a condition of hydrostatic

equilibrium where the gas pressure provides sufficient support to prevent any

further gravitational collapse. This equilibrium condition is an important concept

for measuring halo mass through the gas properties, as discussed in Chapter 2.

Gas temperature is usually measured in terms of the internal energy of the

gas, kBT , in keV, where kB is the Boltzmann constant. A typical sample of

groups and clusters will have gas temperatures in the range ∼ 1 − 10 keV, with

gas forming ∼ 10% of the halo mass [Gonzalez et al., 2013; Sanderson et al.,

2013]. Despite the substantial gas mass present, it is also highly rarefied, with

typical number densities of 10−2 − 10−4 cm−3 [Sarazin, 2008].

The high temperature of the gas reservoir results in the gas being a highly

ionised plasma radiating through the bremsstrahlung emission mechanism. Con-

sisting mostly of hydrogen and helium, the ICM can also be contaminated by

metals (elements heavier than helium) produced by the galaxies within the halo,

either ejected into the ICM by galactic winds [Baumgartner and Breitschwerdt,
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Figure 1.2: X-ray image for the group MKW4 in the energy range 0.5–2 keV
as observed by the Chandra X-ray Observatory. Overlaid onto the image are
adaptively smoothed contours of emission that relate to the projected distribution
of gas within the group.

2009; Rasmussen and Ponman, 2009; Schindler and Diaferio, 2008] or stripped

out of the galaxy by ram pressure stripping [Schindler and Diaferio, 2008]. This

contamination of ICM gas by metals, referred to as the gas metallicity, allows a

second emission mechanism, line emission. The balance of these two mechanisms

is driven by the temperature and metallicity of the ICM.

For high temperature gas (e.g. & 3 keV), the observed emission is dominated

by bremsstrahlung radiation. Sometimes referred to as free-free emission, this

radiation is due to electrons passing close to ions within the plasma, radiating as
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their paths are deflected. The emissivity is ε ∝ neniT
1/2, where bremsstrahlung

emission has a cooling function Λ(T ) ∝ T 1/2. The X-ray luminosity from a

spherical source of radius r emitting bremsstrahlung radiation is then LX ∝

r3n2T 1/2, assuming ne ∝ ni = n. With a mean density ρ and a relation between

mass and X-ray temperature this can be reduced to LX ∝ T 2.

At lower temperatures line-emission becomes important. Despite the low den-

sity of the plasma, collisional excitation is a dominant mechanism where free

electrons excite electrons still bound in the metals contaminating the ICM. The

amount of emission due to line-emission will depend on the temperature and com-

position of the plasma, though approximations to the cooling function show that

at as temperature decreases, cooling becomes more efficient [e.g. λ(T ) ∝ T−0.6,

McKee and Cowie, 1977], flattening the L− T relation.

In a relaxed halo with gas that is not experiencing significant central cooling,

the surface brightness profile of gas emission is observed to follow a cored density

profile, the β-profile, [Cavaliere and Fusco-Femiano, 1976]

S(r) = S0

(
1 +

(
r

rc

)2
)−3β+0.5

, (1.2)

where S0 is the central, characteristic emission and rc is the radius of an observed

emission core. In comparison to the dark matter NFW distribution, the β-profile

features a substantial core, rather than a cusp. This core is associated with gas

that has been non-gravitationally heated by, for example, active-galactic-nuclei

(AGN). This heating results in gas being redistributed evenly throughout central

regions [Sarazin, 2008], smoothing out the central gas distribution and forming a

core.
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In practice, a number of galaxy clusters have been found to have excess emis-

sion in their cores. The increased central luminosity is associated with dense,

rapidly cooling gas. These “cool core” clusters are readily identified by short

(substantially less than the age of the universe) gas cooling times in the central

regions and a drop in the inner gas temperature. Non-cool core clusters, where no

cool core is observed, may be systems where recent disturbances have destroyed

a cool core, such as mergers or AGN activity heating cluster gas.

Stellar Mass

The third component of a galaxy cluster is its stellar mass — the stars in hosted

galaxies (e.g. Figure 1.2). The mass held in stars contributes the least to the

total mass in clusters, though the stellar fraction may be comparable to the gas

fraction for galaxy groups [Gonzalez et al., 2013].

Galaxies, like other cosmological structures, are thought to grow hierarchi-

cally, both by accreting cold gas and converting it into stars and through direct

galaxy-galaxy mergers. Galaxies also represent collisionless tracers of the dark

matter distribution within which they are embedded and can therefore help illus-

trate any recent dynamical activity, such as cluster mergers.

In addition to the galaxy dynamics, falling into a cluster potential will also

affect the activity and state of a galaxy or group of galaxies. The most obvious

effect is the loss of star forming gas as it is stripped out of the stellar system by

ram pressure against existing halo gas [e.g. Eckert et al., 2014; Russell et al., 2014],

quenching any star formation and resulting in cluster galaxies being dominated by

old, red stars. Tidal disruption may also occur in recently merged systems when

two or more galaxies move close enough to gravitationally disturb one another,
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Figure 1.3: Composite SDSS u, g, r-image of the central region of MKW4 showing
its central galaxies.

disrupting galaxy morphology.

The above processes, star formation quenching and morphological disruption,

convert active, blue, spiral galaxies (late-type galaxies) into populations of dead,

red, elliptical galaxies (early-type galaxies). These processes are more prominent

in high density environments such as clusters, than in the field, resulting in galaxy

populations at high and low density environments being significantly different

[Balogh et al., 2004; Hogg et al., 2004]. This difference in population can be

useful when identifying galaxy groups and clusters (see Section 1.4.3).

Another consequence of the tidal disruption of galaxies in close approaches or
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galaxy-galaxy mergers is the potential to strip stars from galaxies, forming the

intracluster light [ICL Burke et al., 2012; Gonzalez et al., 2005; Zibetti et al.,

2005]. Estimates of the exact amount of light held in the ICL is debated but

imply that at least ∼ 10% of light is in a low surface brightness stellar population

between galaxies. This component is extremely difficult to measure due to its

low surface brightness, compounded by the need to define where galaxies end

and the ICL begins, an otherwise smooth distribution. The study of Gonzalez

et al. [2005] find a substantial fraction of the BCG+ICL light is contained within

the ICL (80−90%), which is itself a large fraction of the total cluster light at low

redshifts [∼ 40% at z . 0.13, Gonzalez et al., 2007]. Examining the ICL fraction

at high redshift (z ≈ 1), Burke et al. [2012] find that the BCG contributes a

much greater fraction of light to the BCG+ICL luminosity (∼ 60%), than at low

redshift [e.g. Gonzalez et al., 2005].

The Baryon Budget

The fraction of a group or cluster’s mass contributed by baryons is important for

understanding their evolution. Studies of the baryon fraction using large samples

of groups and clusters have conflicting results, with work such as Giodini et al.

[2009] finding a significant, mass dependent deficiency. Gonzalez et al. [2007]

instead imply a constant baryon fraction only marginally deficient relative to the

universal fraction, though update this result in Gonzalez et al. [2013] to also find

a mass dependent deficiency.

The observed baryon deficiency, usually measured within r500, implies that

baryons have been ejected from within r500. This is plausibly due to heating by

feedback processes [Giodini et al., 2009; McCarthy et al., 2010], also explaining
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potential mass dependencies. Feedback processes such as AGN heating will have

a greater impact on group scale halos than clusters due to the shallower potential

well.

Accurately determining the baryon fraction is difficult as it requires reliably

measuring the masses of both the stellar and gas phase baryons as well as the

total mass of the halo. Biases in estimates of the total mass will clearly bias

measured fractions, as shown by Sanderson et al. [2013] when comparing the

dynamical based masses used by Gonzalez et al. [2007] to X-ray based masses,

finding them to be substantially underestimated. However, Gonzalez et al. [2007]

also provided excellent constraints on the stellar mass by robustly including the

intracluster light. When the ICL is not measured as part of the study, stellar

mass can be rescaled to account for the unobserved ICL luminosity [e.g. Giodini

et al., 2009]

Decomposing the baryon fraction into a stellar and gas fraction, these compo-

nents have been observed to show trends with halo mass [e.g. Figure 1.4, Giodini

et al., 2009; Gonzalez et al., 2007, 2013]. The gas mass fraction is seen to de-

crease towards lower masses, possibly due to the action of feedback inflating gas

halos. The stellar mass fraction is observed to increase towards low mass [see

also Budzynski et al., 2014; Leauthaud et al., 2012; Moster et al., 2010], implying

a greater efficiency of star formation at lower masses (peaking at halo masses

of ∼ 1012M�), and providing another sink for halo gas as it cools into a stellar

phase.
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Figure 1.4: Gas, stellar and total baryon fraction (fgas, f∗ and fb) of galaxy
clusters as found from the analysis of Gonzalez et al. [2013]. The horizontal line
at ∼ 0.17 shows the universal baryon fraction from WMAP 9 [Hinshaw et al.,
2013].

1.2 Self-Similarity and Mass

The defining feature of a galaxy group or cluster is its mass. Massive clusters,

in excess of 1015 M�, should show significantly different properties compared to

small groups of ∼ 1013 M�. However, if the processes that give rise to cluster

properties, such as luminosity or gas temperature, are purely dependent on the

total gravitating mass, there should be a simple, self-similar evolution with halo

mass — i.e. clusters would simply be scaled up groups [e.g. Kaiser, 1991].

A simple example of this can be seen in the mass-temperature and X-ray
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luminosity-temperature relations. Assuming a cluster is virialised (i.e. K =

−1
2
U) with a hot, ideal gas reservoir at temperature T , the kinetic energy of

a particle of gas is simply 3
2
kBT , where kB is the Boltzmann constant. For a

system of gas mass Mgas = Nm where N is the number of particles and m is

the mass per particle, the total kinetic energy of the gas is K ∝ MgaskBT . In a

self-similar system one would expect Mgas ∝Mhalo, and assuming the usual form

of gravitational binding energy, U ∝ GM2
halo/r, the equilibrium of this system

gives rise to the relation

MhalokBT ∝
M2

halo

r
. (1.3)

Assuming cluster mass and radius is measured within a region enclosing a

mean density ρ = ∆ρc ∝ Mhalor
−3 (where ∆ is the overdensity of the region

relative to the critical density) and that the cluster collapsed at the present day,

z ≈ 0, the mass-temperature relation is then

Mhalo ∝ (kBT )3/2 . (1.4)

Similarly, the luminosity-temperature relation, assuming that the X-ray emis-

sivity is dominated by thermal bremsstrahlung emission with emissivity∝ neniT
1/2

is found to be LX ∝ T 2 ∝ M
4/3
halo. As a group or cluster’s mass increases, these

results imply that the X-ray temperature and luminosity should scale in a simple

manner with the accreted mass.

In reality, observations of these scaling relations have shown that self-similarity

is broken, especially in lower mass systems. The LX−T relation especially shows

this, with measured slopes of ∼ 3 [e.g. Slack and Ponman, 2014], steepening to

∼ 4 for groups [e.g. Osmond and Ponman, 2004]. To study similarity breaking,
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it is important to be able to determine the mass of the systems being studied, or

to at least have a reliable mass proxy, such as temperature.

The variety of mass estimators used today, discussed further in Chapter 2, can

be roughly grouped by the matter they rely upon. The virial theorem and caustic

mass estimates determine mass through the dynamics and distribution of stellar

material, whilst hydrostatic X-ray analyses and Sunyaev-Zel’dovich estimates rely

on the gas properties. Gravitational lensing mass estimation is the most direct

method for estimating halo mass, sensitive to the effect the total, predominantly

dark matter mass distribution has on the light of background galaxies.

However, these mass estimates are often impractical for low mass systems

(M . 1014M�). Low halo masses result in little detectable lensing signal, and

with shallow potential wells disturbances to the equilibria for virial and hydrostat-

ics based masses can be more significant. Furthermore, as many methods rely on

specialised observatories to acquire their data (e.g. Chandra and XMM-Newton

X-ray Observatories), acquiring data of sufficient quality for such analyses often

requires a substantial dedication of time. The exception to this are dynamical

based mass estimates which benefit instead from the many wide and increasingly

deep redshift surveys [Colless et al., 2001; Driver et al., 2011; York et al., 2000]

that have been performed in recent years.

1.3 Cosmic Feedback

In the previous sections we presented a simple view of the universe whereby

groups and clusters are self-similar and gas readily cools into stars. In fact, gas

should so easily cool out of the ICM that by the present day, large amounts of
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the universe’s baryons should be contained within stars [the cooling catastrophe,

e.g. Balogh et al., 2001]. However, as we observe large, X-ray emitting halos of

gas at low redshifts, this is an over-simplified view.

Therefore, some process is required to not only reheat group and cluster gas,

disrupting cooling, but also to introduce non-gravitational physics (i.e. inde-

pendent of the gravitational collapse of the halo) that would break the simple

self-similar models. This is especially true at early times when the mean density

of the universe was higher than now and therefore cooling processes more efficient.

A plausible solution is heating of the ICM by “feedback” [e.g. Voit and Bryan,

2001]. Very simply, as material cools, feedback processes would inject energy and

entropy into the gas. This entropy injection would act to reduce gas density,

increasing the cooling time of the gas, either turning off cooling or limiting its

efficiency. If done at high redshift, this pre-heating would raise gas entropy, which

would then be further boosted by shocks during subsequent hierarchical mergers,

overcoming the cooling catastrophe.

Through the decreased density of high entropy gas, entropy injection will also

cause gas to redistribute itself within the cluster. This has the effect of flattening

the density profile in the core, lowering the X-ray emissivity of the gas. Due

to the shallower potential of groups injected entropy will be more significant in

low mass systems compared to high mass clusters, and will therefore lower the

emissivity more strongly in groups, steepening the LX − T relation.

Prominent sources of heating are considered to be either galactic winds driven

by supernovae from recent gas fed star formation [e.g. Ponman et al., 1999], or

energy injection from active galactic nuclei [e.g. Bower et al., 2006; McCarthy

et al., 2010, 2011, and references therein]. In addition to heating the intracluster
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medium, these processes also constrain models for galaxy formation, explaining

the difference observed between the predicted mass function and the galaxy lumi-

nosity function. Galaxy winds, for example, will tend to inhibit star formation in

low mass halos, blowing material out of dwarf galaxies, whilst AGN would heat

gas to prevent it cooling onto more massive galaxies.

1.3.1 Entropy

The entropy of group and cluster gas is an important diagnostic for quantifying

their thermal history and measuring the impact of feedback on a halo [e.g. Cav-

agnolo et al., 2009; McCarthy et al., 2010; Ponman et al., 1999; Voit and Bryan,

2001; Voit et al., 2002, 2005]. As entropy can only be raised by heating (such as

merger shocks or feedback) and lowered by radiative cooling, entropy is a much

more sensitive probe of the history of a group than, for example, temperature

or energy. Changes in energy and temperature can be concealed by hydrostatic

equilibrium as gas moves to re-establish pressure support following feedback.

In astrophysics, the gas adiabat, K, is a convenient alternative to the standard

thermodynamic entropy, S, and is often referred to as “entropy”. As described

in, for example, Sarazin [2008] if we consider the specific entropy of gas, i.e. the

entropy per particle, s, and assume the gas to be a monatomic ideal gas, the gas

adiabat is

K =
kBT

n
2/3
e

, (1.5)

where ne is the electron number density, T is the temperature of the gas and

kB is the usual Boltzmann constant. We can relate K to the specific entropy as

s ∝ ln(K). In a self-similar description, where ne ∝ ρ = ∆ρc — again, where ∆ is
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the factor by which the cluster mean density is greater than the critical density, its

overdensity — one would expect K ∝ T , though in the core (r ∼ 0.1r200) where

gas is densest and radiative cooling can be efficient, entropy has been observed

to scale as K ∝ T 2/3 [Ponman et al., 2003].

Within a given cluster, entropy is expected to monotonically increase with

radius. As gas is heated and has its entropy raised, the cluster will convectively

redistribute it to maintain a radial entropy gradient with the lowest entropy gas in

the core. Outside the core, entropy is expected to follow a radial profile ∝ r1.1−1.2

[Voit et al., 2005].

Reproducing the distribution of gas entropies has been very important for

hydrodynamic simulations, helping to constrain feedback models. For example,

simulations by the OverWhelmingly Large Simulations project [OWLS, Schaye

et al., 2010] have shown that models that preheat group gas by AGN give the best

match to the observed distribution of entropy, as well as other halo properties

such as its stellar mass [McCarthy et al., 2010, 2011]. However, this model also

predicts a wide range of central group entropies, of which existing measurements

only probe the low entropy population. As high entropy groups would have

reduced X-ray luminosities, they would also be less likely to be covered by existing

X-ray group selection.

In Chapter 4 we present a pilot study looking for high entropy galaxy groups

using an optically selected sample. By selecting groups independently of their

X-ray properties, we avoid selecting only the brightest, low entropy population of

groups. However, optical selection can also select groups in a variety of dynamical

states. A group that is yet to fully virialise, for example, will not feature gas at

virial densities and will therefore mimic high entropy groups. We discuss this
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more, and strategies for group selection, in the next section.

1.4 Dynamical State and Substructure

1.4.1 Virialisation

The spherical collapse model discussed previously is a conceptually useful way to

understand the collapse of overdense regions in an expanding universe. However,

this is an idealised example of collapse whereby the overdense region collapses to

a point. In reality the overdensity will collapse until it reaches an equilibrium

state and virialises. In a universe where Ωm = 1, the overdensity of a virialised

region is δ ≈ 178 [e.g. van de Weygaert and Bond, 2008]. This typical virialised

overdensity motivates several measures of halo properties, such as rvir, the radius

enclosing a mean matter density of δ times the critical density.

In practice it is convenient to adopt a fixed overdensity threshold, ∆ (relative

to the critical density of the universe), as a means of characterising halos. ∆ = 200

is often used synonymously with the virial overdensity. Other overdensities used,

such as ∆ = 500 or 2500, are observationally motivated. X-ray emission, for

example, is difficult to trace to large radius due to the drop in gas density at

large radius, though is much more easily detected within r2500 and, in some cases,

r500.

In addition to the dark matter halo reaching a characteristic overdensity,

virialisation also affects the gas and galaxies within a halo which similarly relax

into a state of equilibrium. We have already discussed the hydrostatic equilibrium

of gas, where the thermal gas pressure balances further gravitational collapse.
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This relaxation also allows group and cluster gas to reach the densities required

for the observed X-ray emission. Gas in a halo that is still collapsing will be of

a much lower density and therefore will be much less luminous than one would

expect for the mass of the halo. Galaxies reach a similar virialised state in which

their motion reflects the motion of the dark matter and its kinematic support

against further collapse. They will therefore satisfy the Virial Theorem and Jean’s

Equation (see Section 2.1.1). In virialised halos, the velocity of cluster galaxies

are consistent with a Gaussian distribution [e.g. Yahil and Vidal, 1977].

1.4.2 Substructure

The spherical collapse description only considers the initial collapse of a halo,

and not the subsequent merger events that follow as structures hierarchically

build. As larger halos collapse, they accrete matter through the infall of smaller,

pre-existing halos, resulting in a number of small subhalos being hosted within

the halo until they can be completely disrupted and mixed into the main halo.

Additionally, as the collapse of a halo is unlikely to be spherical in practice, a

structured distribution of matter may also indicate that the halo is still in the

process of collapsing for the first time.

Therefore, the presence of substructure is a strong indication of disturbances

to the equilibria and symmetries required by many mass estimators. Identifying

individual substructure can be difficult due to the small size of subhalos relative

to the structure within which they are embedded. Instead, as substructures

introduce deviations from the expected distribution of matter within clusters, a

statistical approach can be taken whereby this deviation, and its significance, is
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measured [e.g. Pinkney et al., 1996].

Optically, substructure tests are sensitive to the spatial and velocity distri-

bution of member galaxies, for example, testing for “clumpy” distributions of

the galaxies or irregularities in the velocity histogram. Similar arguments can

be applied to the X-ray emitting gas where X-ray substructures or disturbances

can manifest as a simple offset between the peak emission and some centroid

of emission, or between emission centroids measured within incrementally larger

radii. X-ray based substructure has the advantage over galaxy based measures

as, unlike galaxies which are discrete probes of the halo structure, the ICM forms

a continuous tracer of the matter distribution.

1.4.3 Group Selection

Selection effects from the construction of group and cluster samples are important

to account for when interpreting the results of the sample. For example, many

modern group and cluster samples are X-ray selected, selecting objects based on

known X-ray luminosities. As discussed previously, this selection can result in

missing a population of high entropy – and therefore low luminosity – groups.

However, as non-virialised halos will also likely have low X-ray luminosity, X-ray

selection can produce samples which tend towards largely relaxed halos.

An alternative to X-ray selection is to construct an optically selected sample, a

sample of groups and cluster identified from optical redshift surveys and selected

by their optical properties. Naturally this will introduce selection effects if one

were interested in how optical properties are related. Instead, as optical selection

methods are independent of their X-ray properties, they protect against X-ray se-
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lection effects when studying the X-ray properties. Indeed, X-ray observations of

optically selected samples, such as the XMM-IMACS [XI, Rasmussen et al., 2006]

sample or the low redshift sample of groups from Balogh et al. [2011], have shown

that the population of groups is more varied than previously observed. Both sam-

ples, drawn from a Friends-of-Friends analysis of galaxy surveys, Merchán and

Zandivarez [2002] and Eke et al. [2004] respectively, found that a large fraction

of their groups were undetected, whilst most others were X-ray underluminous

compared to X-ray selected samples. These studies attribute these underlumi-

nous groups to either uncollapsed groups or spurious, chance associations, or that

their hot gas has been strongly affected by feedback processes that suppress X-ray

luminosity.

It is potentially very interesting if these non-detections are a result of feedback

processes as it would add further support to feedback models such as those of

McCarthy et al. [2011]. However, further work needs to both detect the gas

in these systems (i.e. targeting with deep X-ray observations) and to reliably

separate relaxed optical groups from unvirialised or spurious groups. As part of

the study in Chapter 4 where we look for evidence of a population of high entropy

groups, we examine the issue of group selection when selecting a sample.

1.4.4 Group and Member Identification

Samples of groups and clusters are usually constructed from a broader sample

of group and cluster candidates and their member galaxies. Historically samples

were constructed from clusters identified as an excess of bright galaxies in photo-

graphic plates [e.g. Abell, 1958]. However, as redshift information was sparse, if
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available at all, many of the identified clusters suffered heavy interloper contami-

nation due to the projection effects including foreground and background galaxies

[Lucey, 1983; van Haarlem et al., 1997].

The lack of projection concerns with X-ray observations, where detectability

is dominated by gas near the centre of the cluster — and is therefore densest

(for a given temperature, LX ∝ n2) — made X-ray based identification a simple

alternative when constructing a cluster catalogue. All sky surveys such as the

ROSAT All Sky Survey [RASS, Voges et al., 1999], identified over 18,000 bright

X-ray sources which could later be examined to construct catalogues of point-like

and extended sources. This survey has been the starting point for many X-ray

selected cluster samples.

To associate galaxies to clusters identified as above, a simple approach is to

use data from a galaxy redshift survey, and apply a velocity cut about the galaxies

at the redshift of the cluster [e.g. Mamon et al., 2010; Yahil and Vidal, 1977].

By excluding galaxies more than 3σ (where σ is the velocity dispersion of the

group) it is possible to substantially reduce the contamination of the cluster by

unassociated, interloper galaxies. However, as shown by Mamon et al. [2010] it

is not possible to completely remove interloper galaxies.

This X-ray detection with optical follow-up is one approach to cluster and

member identification. Other approaches make use of optical observations only,

using galaxy properties and distribution to both identify clusters and their mem-

bers simultaneously.
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FoF Group Identification

Outlined by Huchra and Geller [1982], the Friends-of-Friends (FoF) algorithm

aims to identify associated galaxies through their spatial and velocity information

only, noting that groups and clusters constitute a 3D overdensity. The FoF

algorithm proceeds by first determining a linking length for each galaxy, related

to the mean number density of galaxies n as, e.g. ∝ n−1/3. For any pair of

galaxies, separation of these galaxies in projection and along the line-of-sight are

compared to their linking lengths. If the separation of these galaxies is less than a

criterion based on the linking lengths, the algorithm considers them to be linked.

Whilst unlinked galaxies are interpreted as isolated galaxies that make up the

field, linked galaxies, and the galaxies that they are linked to, are considered

associated, forming groups and clusters.

The choice of linking length controls the efficiency of the linking algorithm.

Small linking lengths will break halos into small associations, potentially ignoring

galaxies at large radius, whilst large linking lengths will extend the linking volume

into the field, adding field galaxies into the estimated halo. Survey flux limits or

variation in survey completeness further affect the observed density of galaxies,

though this can be accounted for when determining the linking lengths. The

exact linking lengths used and their scaling are often tuned on mock realisations

of the survey to which the FoF algorithm is to be applied to [e.g. Eke et al.,

2004; Robotham et al., 2011]. By tuning on a sample of galaxies whose true halo

membership is known, the user can optimise their implementation.

Whilst this algorithm should produce a more robust estimate of a halo’s mem-

bership than a simple σ clip, it will not be completely free of interlopers and spu-
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rious groups. By searching for overdensities, the FoF algorithm can, for example,

link together merging structures or line-of-sight superpositions. Furthermore,

there is no guarantee that the identified groups are virialised or fully collapsed.

MaxBCG

An alternative to the FoF group finder that is well suited to multiband photo-

metric surveys is the MaxBCG algorithm, described fully in Koester et al. [2007]

and summarised below. This algorithm takes a likelihood approach to identi-

fying group and cluster galaxies based on their luminosity, colour and spatial

distribution. Rather than linking together neighbouring galaxies, the MaxBCG

algorithm examines each galaxy in a survey for its likelihood of being a brightest

cluster galaxy (BCG) in a typical cluster environment.

To determine the likelihood of a galaxy being part of a cluster, cluster galaxies

are assumed to have colours consistent with galaxies on the red sequence. The

red sequence, an area of the colour-magnitude diagram populated with luminous,

red galaxies, is most prominent in rich clusters, though Koester et al. [2007, and

references therein] indicate that it is observed to some extent on group scales,

despite the decreasing fraction of red galaxies [Weinmann et al., 2006]. Koester

et al. [2007] define the likelihood of a region being a cluster assuming colour

is distributed as a Gaussian about the red sequence, and also that galaxies are

radially distributed following an NFW density profile.

A similar, colour dependent argument is made for the likelihood of a galaxy

being a BCG. Koester et al. [2007] again assume that colours are Gaussian dis-

tributed, additionally including a scale that ensures these galaxies are bright.

The product of these likelihoods is calculated for each galaxy assuming a red-
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shift to determine the colour of the red-sequence. The highest likelihood object

within a spatial and velocity range is identified as the BCG with members iden-

tified within an aperture about this BCG and a colour about the red sequence.

These likelihoods are maximised with respect to redshift, allowing the MaxBCG

algorithm to be run on photometric surveys without any prior need to constrain

redshift. It can therefore be applied to deeper, more distant objects than group

finders such as the Friends-of-Friends.

The use of the red-sequence for MaxBCG clusters results in objects that are

inherently different and less diverse than those from a FoF grouping. Further-

more, as groups at high redshift may not have red, early type BCGs [e.g. Ascaso

et al., 2014], this algorithm may be less effective at identifying high redshift struc-

tures. However, as the processes that transform blue, late-type galaxies into red

galaxies are most efficient in real, collapsed structures, MaxBCG clusters likely

represent real galaxy associations. This is in contrast to FoF groups which at-

tempts to link together an overdensity of galaxies and, whilst likely to detect a

more diverse range of groups, are also much more likely to detect groups that are

still collapsing or spurious.

1.5 Sources of data for this thesis

The data used for this thesis cover both optical and X-ray wavelengths. The

optical data are drawn from galaxy redshift surveys, the Sloan Digital Sky Survey

[SDSS, York et al., 2000] and the Galaxy And Mass Assembly project [GAMA,

Driver et al., 2011]. X-ray data are derived entirely from Chandra observations

with results from literature results, archived observations or from observations
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for time granted specifically for the work described here. Additionally, we make

use of mock datasets constructed from N -body simulations and populated with

galaxies. This section briefly describes the origin of the data used for this work.

1.5.1 Sloan Digital Sky Survey

The Sloan Digital Sky Survey [SDSS, York et al., 2000, and references therein]

began as a large, deep photometric survey mostly of the north galactic cap with

medium depth spectroscopic follow up of point and extended sources. Now in

its 10th data release [Ahn et al., 2014] the SDSS covers 14, 555 deg2 including a

large area of the southern galactic cap. The survey has catalogued more than 469

million objects with photometry better than a 5σ detection, generating spectra

for over 1.8 million galaxies with a nominal depth of mr ≈ 17.7. Recent upgrades

to the instrumentation for the study of baryon oscillations have allowed SDSS

spectroscopy to target fainter sources.

The SDSS spectrometer spans 3800 to 9200 Å and is fibre fed with a minimum

separation of fibres of 55′′. Any spectroscopic candidates that are closer than this

limit will therefore not be simultaneously observable in a single exposure (“fibre

collision”) and will require repeat visits with different fibre permutations. How-

ever, overlap regions do not constitute a significant fraction of the observations,

resulting in regions of high projected density — such as the centres of groups and

clusters — being less complete than the nominal completeness.

Photometrically the survey extends to mr ≈ 22 spanning five bands, u, g, r, i

and z with effective wavelengths at 3560, 4680, 6180, 7500 and 8870 Å respec-

tively. A number of magnitude definitions are used, where, for example, flux can
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be measured within a fixed angular aperture or modelled using galaxy surface

brightness profiles. An alternative is to use the Petrosian magnitude, where the

flux is measured within a radius where the ratio of the flux within an annulus of

radius r′ and the mean galaxy flux within r′ reaches some threshold value.

We specifically use the reprocessed SDSS galaxy data available from the New

York University Value Added Galaxy Catalogue [NYU-VAGC, Blanton et al.,

2005, and references therein], derived from the 7th data release [Abazajian et al.,

2009]. This catalogue includes a number of refinements to the galaxy photometry

[Padmanabhan et al., 2004] and provides k-corrected absolute magnitudes [Blan-

ton and Roweis, 2007]. It additionally provides catalogues that account for fibre

collisions, allowing improved completeness in regions of high spatial density. In

Chapter 3 we use these data to provide optical members for a sample of X-ray

selected groups and clusters.

1.5.2 Galaxy And Mass Assembly Project

Though large in scale, a limitation of the SDSS is its spectroscopic depth. The

Galaxy And Mass Assembly project [GAMA, Driver et al., 2011], by contrast,

focused initially on three smaller ∼ 12 × 4 deg2 regions of the sky, extending

spectroscopic coverage to cover galaxies to mr = 19.8, two magnitudes fainter

than the SDSS. This additional depth allows GAMA to observe a complete pop-

ulation of galaxies to much higher redshifts than possible with the SDSS, Figure

1.5). Their science goals, to study the evolution and assembly of galaxy scale

structures, additionally requires data covering a broad wavelength range span-

ning ultraviolet, infrared and radio frequencies. This makes GAMA a significant
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resource for tying together a diverse range of galaxy properties.
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Figure 1.5: As Figure 1.1, extending out to z = 0.5, with galaxies observed by
the GAMA project overlaid (red points).

In Chapter 4 of this thesis we make use of the deep spectroscopic data and the

galaxy groups identified by Robotham et al. [2011]. The groups were identified

using a FoF group finder calibrated on a set of mock galaxies derived from a semi-

analytic model of galaxy formation [Bower et al., 2006] applied to the dark matter

halos from theN -body Millennium Simulation [Merson et al., 2013; Springel et al.,

2005]. These mocks are also used in this work, allowing for a useful comparison

with observations in Chapter 3 and forming the calibration sample for the group

selection in Chapter 4.
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1.5.3 Chandra X-ray Observatory

The Chandra X-ray Observatory is one of two currently operating major X-ray

observatories, the other being XMM-Newton. Chandra, whilst not as sensitive

as its counterpart, has substantially better spatial resolution with Full-Width at

Half-Maximum (FWHM) of ∼ 0.5′′ for on-axis sources. This greater resolution

makes Chandra a good choice for studies that require robust separation of point

sources from diffuse emission as well as work that aims to examine radial trends

in observed emission or to look for substructures.

The primary Chandra instrument used here is the Advanced CCD Imaging

Spectrograph (ACIS). This instrument allows high resolution imaging of X-ray

sources with simultaneous, spatially resolved X-ray spectroscopy in the range

0.1 − 10 keV using two CCD arrangements denoted ACIS-I and ACIS-S. The

ACIS-I uses four front-illuminated CCDs in a 2 × 2 grid spanning an area of

16.9′ × 16.9′.

The ACIS-S configuration uses four front-illuminated chips and two back-

illuminated chips in a strip spanning 8.3′ × 50.6′ which can be used for imaging,

but also as the detector for any spectroscopic observations using the high and

low energy transmission gratings. The ACIS-S nominal aim point coincides with

one of the two back-illuminated CCDs. These CCDs are more sensitive than the

front illuminated chips due to the pixel control structures being placed behind

the photosensitive material rather than in the optic path as is usual. ACIS-S

observations can therefore make a good choice when the user wishes to observe

a concentrated diffuse source, such as a nearby cluster core. Further technical

discussion is available within the Chandra Proposer’s Observatory Guide1.

1http://cxc.cfa.harvard.edu/proposer/POG/html/index.html
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Figure 1.6: Example configuration of the Chandra Advanced CCD Imaging Spec-
trograph (ACIS) instrument with typical setup in the I configuration (left) and
S configuration (right). The chips marked with ∗ show the more sensitive, back-
illuminated CCD chips.

Whilst the ACIS instrument nominally allows for 6 CCDs to operate, only 4

are required for observations. Up to two additional CCDs from either ACIS-I or

ACIS-S configurations can be specified as optional with their use dependant on

the thermal condition of the observatory. Example exposures in ACIS-I and S

modes are shown in Figure 1.6 with the main CCDs used highlighted.

The work in Chapter 4 of this thesis primarily uses ACIS-I imaging data

acquired for this project. One target in Chapter 4 makes use of archived ACIS-S

observations. In Chapter 3 we make use of literature results based upon both

Chandra ACIS-I and ACIS-S observations.
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1.5.4 Simulations

Finally, this thesis makes use of two separate sets of mock realisations of galaxy

surveys. The first of these, as noted in Section 1.5.2, was generated for the

GAMA project and is derived from the Millennium N -body simulation [Springel

et al., 2005]. Galaxies were populated within the dark matter simulation using

a Semi-Analytic Model (SAM) of galaxy formation based on the Bower et al.

[2006] prescription, adjusted to match the luminosity function of GAMA galaxies

[Merson et al., 2013]. With reference to the N -body dark matter merger trees

and the baryonic physics expected during halo formation such as star formation

and feedback, the semi-analytic models will produce a population of galaxies with

realistic, physically motivated properties. Again, we make use of these mocks in

Chapters 3 and 4.

The second set of simulations generate a mock light-cone using both a SAM

(using an updated version of the Croton et al. [2006] galaxy model) and a Halo

Occupation Distribution model (HOD, using updates to the Skibba et al. [2006];

Skibba and Sheth [2009] distributions) applied to the Bolshoi dark matter simu-

lation [Klypin et al., 2011] for the Galaxy Cluster Mass Reconstruction project

[Old et al., 2014, Old et al., submitted, and references therein]. These mocks,

the details of which are described in Old et al. (submitted), were created for

evaluating the performance of a variety of mass estimators on rich clusters, and

to compare their behaviour under two different methods for generating a galaxy

population. The HOD model, unlike the SAM, distributes galaxies within halos

to statistically reproduce the observed distributions of galaxy properties such as

the luminosity function. In Chapter 5 we use the SAM realisation of these mocks.
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1.6 Thesis Outline

This chapter has demonstrated the importance of reliably estimating the masses

of groups and clusters. Well constrained masses from large samples are useful for

understanding the evolution and assembly of matter in the universe. However,

reliable mass estimates on such large scales are difficult to achieve, either due to

poor statistics at low masses, or the finite time available at the specialised obser-

vatories required to acquire data. In Chapter 2 we examine the diverse methods

available for estimating group and cluster masses. We follow this in Chapter 3

with a discussion of mass estimation through mass-proxy scaling relations cali-

brated on an X-ray selected sample of groups and clusters.

We note however that these calibrations are only as good as the samples

that they were constructed from. As we have also discussed, the use of X-ray

selected samples can introduce selection effects that will miss distinct populations

of groups that, for example, have low X-ray luminosity due to high gas entropy.

In Chapter 4 we work to overcome this limitation in selection, using optical

substructure (or lack thereof) to define a sample of galaxy groups from a FoF

group catalogue, independent of their X-ray properties. We then use these groups

as a pilot study to examine if there is indeed a population of groups with high

central entropy gas.

Finally, in Chapter 5 we ask how substructure, already used for defining a

sample of groups, can affect the reliability of mass estimates. For a sample of

1000 groups and clusters drawn from a SAM mock galaxy catalogue, we examine

the degree to which substructure influences the scatter and bias of the mass

estimators discussed in Chapter 3.
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Chapter 2

METHODS FOR ESTIMATING

GROUP AND CLUSTER

MASSES

The previous chapter highlighted the importance of reliably measuring the mass

of galaxy groups and clusters. This chapter will discuss the mass estimation

methods that are used in the literature and the basic principles behind them.

The aim of this discussion is to not only illustrate the diverse range of methods

available, but to also present their limitations, motivating the study in Chapter

3. The following sections approach this topic from the fundamental property of a

cluster that the methods rely upon. Firstly we discuss the dynamics of member

galaxies and applying the virial theorem or determining caustics. Secondly, we

examine the hot intracluster medium and its observed X-ray emission or Sunyaev-

Zel’dovich effect. Thirdly, we give a brief overview of the gravitational lensing

effect due to the large dark matter halos within these clusters. We conclude this
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chapter with a brief discussion of mass estimation through scaling relations and

their associated mass proxies.

2.1 Galaxy Dynamics

2.1.1 Virial Theorem

The use of galaxy dynamics, the motion and distribution of galaxies within a

group or cluster, for estimating the mass of their host halo via the virial the-

orem is one of the oldest methods available to us today [Smith, 1936; Zwicky,

1937]. Whilst the projected radial distribution of galaxies is easy to measure

from imaging data, constraints on their velocity are less trivial, requiring that

the redshift of galaxies are known. This redshift is a combination of cosmological

redshift from the Hubble expansion of the universe, and the Doppler shift due

to the line-of-sight component of the motion of the galaxy within the group or

cluster (its peculiar velocity). If the redshift of the cluster is known, the spread

of member redshifts about this central value can be assumed to be representative

of the peculiar velocities of the galaxies.

The virial theorem assumes that, if a cluster is relaxed, the various cluster

components are in virial equilibrium,

〈K〉 = −〈U〉
2

, (2.1)

where 〈K〉 is the kinetic energy of a cluster component and 〈U〉 is its gravitational

binding energy. Though the dark matter halo forms the majority of the cluster’s

mass, the dynamics of the member galaxies trace this larger component. Assump-
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tions of virial equilibrium can therefore be applied to the galaxy population. The

details of this methodology are explained in Biviano [2008], which we summarise

here. Redshift can only estimate galaxy velocity along the line-of-sight, resulting

in there being an unmeasurable component of velocity in the plane of the sky.

Assuming we could measure both components, and that the galaxies are collision-

less particles (i.e. significant gravitational interactions between galaxies are rare)

in a spherical potential, we can describe this equilibrium via the Jeans’ Equation,

d(ρσ2
r)

dr
+ 2ρ

σ2
r − σ2

t

r
= −ρdΦ

dr
, (2.2)

where σr and σt are the radial and tangential velocity dispersions, ρ is the density

of the system and −dΦ/dr = −GM(< r)/r2 describes the gravitational potential

of the cluster. This can be rewritten to find the mass within a radius r, M ,

M = −rσ
2
r

G

[
d ln ρ

d ln r
+

d lnσ2
r

d ln r
+ 2β(r)

]
, (2.3)

where β = 1 − σ2
t /2σ

2
r is the velocity anisotropy, describing how the galaxy

velocities are distributed in the system. With knowledge of the density profile,

velocity dispersion profile and the velocity anisotropy, it is possible to calculate

the mass profile and determine the group mass.

In practice, a simplifying assumption of isotropic galaxy motions is often made

(β = 0), reducing Equation (2.2) to

d(ρσ2
r)

dr
= −ρdΦ

dr
. (2.4)

38



This leads to the virial theorem,

M = 3πPσ2
vRh/G , (2.5)

where σv is the line-of-sight velocity dispersion, 3π is a correction factor for

projection, P is a correction factor analogous to a surface pressure (see below)

and Rh is the harmonic mean projected radius of the cluster,

Rh =
1

2

N(N − 1)∑
i>j R

−1
ij

. (2.6)

Here N is the number of galaxies in the system and Rij is the projected separation

between the ith and jth galaxies.

As observations of a cluster may not include the whole object (e.g. only

galaxies within a certain projected radius are used), the lack of galaxies at large

projected radius will reduce the apparent size of the cluster. Taken to an extreme,

assuming that galaxies at large r are also moving radially within the halo (e.g.

recently infallen), and would otherwise not contribute significantly to the observed

velocity dispersions [Biviano, 2008; The and White, 1986], their omission will

bias high estimates of the velocity dispersion. The and White [1986] account

for these effects by introducing the “surface pressure” correction factor [see also,

Biviano, 2008]. This is analogous to attempting to estimate the properties of

a gas cloud by using a region inside the cloud, neglecting to account for the

pressure exerted upon the region by any external gas. Without considering this

extra confinement pressure, the virial theorem would overestimate the total mass

required to maintain equilibrium. Typical values of P are ' 0.8− 0.9 for a large
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cluster [Biviano, 2008].

In addition to the surface pressure correction, this classical estimator may also

be biased, giving a 10% overestimate in large samples (& 60 members), increasing

significantly to ∼ 50% as sample size decreases to only ∼ 15 members [Biviano

et al., 2006]. Biviano et al. [2006] indicate that this is related to the interlopers

in member selection that increase the estimated group radius. Galaxy type is

also seen to cause a bias, also discussed in Biviano et al. [2006], though as late-

type galaxies are more likely to have recently fallen into the halo than early-type

galaxies, and therefore yet to fully reach equilibrium, this is not unexpected.

Restricting virial analyses to early-type galaxies, galaxies that have been in halos

the longest and are therefore more likely to be in virial equilibrium, would provide

a better tracer of the underlying dark matter distribution. Clearly, from the result

of Biviano et al. [2006], robust membership determination, regardless of galaxy

type, is also important for reducing bias and scatter in the estimated virial masses.

Due to the varied definitions of membership, mass and radius, the virial the-

orem, reduced to M = Arσ2/G, is often calibrated on mock galaxy catalogues

prior to use [e.g. Eke et al., 2004; Robotham et al., 2011]. This calibration also

allows for the surface pressure term, assuming that this correction has a simple

mass dependence. For example, groups masses for the 2PIGG catalogue [Eke

et al., 2004], were calibrated such that M = 5rrmsσ
2
g/G, where rrms is the root

mean square radius of the group and σg is the gapper estimate of the velocity

dispersion [Beers et al., 1990].

An alternative approach can be to use the virial theorem and the mean over-

density of a virialised halo to show that, at a given redshift, r ∝ σ [e.g. Carlberg

et al., 1997a,b; Ramella et al., 2004]. Assuming a ρ ∝ r−2 density profile the
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radius enclosing an overdensity of 200 relative to critical can be found to be

r200 =

√
3σ

10H(z)
, (2.7)

where H(z) = H0

√
Ωm(1 + z)3 + ΩΛ. This leads to an expression for M200 purely

dependent on the velocity dispersion,

M200 =
3
√

3

10

σ3

H(z)G
. (2.8)

These estimators rely on estimating the velocity dispersion of a group or clus-

ter. In a virialised system one would expect the velocity distribution of groups to

be distributed as a Gaussian [Yahil and Vidal, 1977], the width of which charac-

terises the groups’ velocity dispersion (e.g. Figure 2.1). Already mentioned is the

gapper technique, which determines the velocity dispersion using the difference

in velocity between galaxies ordered by their velocity, v, [Beers et al., 1990],

σ =

√
π

N(N − 1)

N−1∑
i=1

wigi , (2.9)

where wi = i(N − i) and gi = vi+1 − vi for a set of N galaxy velocities. Simpler

estimates of galaxy velocity dispersion use a root mean square velocity estimate

[e.g. Tago et al., 2008],

σ =

√√√√ N∑
i=1

1

N − 1
(vi − v̄)2 . (2.10)

When applied to large redshift ranges, velocity dispersions are scaled by 1/1+z̄

to allow for the cosmological expansion of the universe where the low redshift
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Figure 2.1: An example redshift histogram for Abell 2199 using galaxies within
1 Mpc and within a 3σ clip along the line-of-sight. The solid vertical line indi-
cates the central redshift whilst the dashed vertical lines show the redshift limits
equivalent to the observed 848 km s−1 velocity dispersion found from the gapper
estimator, Equation (2.9).

approximation v ≈ cz no longer holds.

As this method assumes virial equilibrium, any processes that may disrupt

this equilibrium, such as groups or cluster mergers, can result in biased virial

theorem mass estimates. Virial mass estimates also show substantial scatter,

increasing at lower masses [Biviano et al., 2006].

42



2.1.2 Caustics

An alternative use of galaxy kinematics is to define a “caustic” for a given cluster,

allowing the mass profile to be measured to large radius [Diaferio, 1999; Serra

et al., 2011, and references therein]. A caustic is a characteristic “trumpet” shape

in the (r, v) plane (projected radius and line-of-sight velocity relative to the cluster

centre) that is predicted through the spherical collapse model. An example phase

space diagram is shown in Figure 2.2. The caustic contour splits galaxies into

two populations: those contained within the caustic which are mostly inside the

turnaround radius of a cluster, but also contain interlopers, and those outside the

caustic which should be beyond the turnaround radius.

Following Diaferio [1999], the caustic links the escape velocity at a radius r

to the gravitational potential within that radius,

v2
e(r) = Φ(r) . (2.11)

The caustic position, its amplitude A(r), is measured as a galaxy density

contour in the redshift-space diagram. This contour is defined as the velocity

above and below the central velocity in a smoothed (r, v) density distribution that

first reaches some threshold value. Diaferio [1999] define a threshold density that

minimises the difference between the escape velocity and the observed velocity at

a given radius. This process will define an upper and lower caustic, the smallest

of which is used to define A(r).

The measurement of A(r), however, cannot be linked directly to the gravi-

tational potential due to velocity anisotropy within the infall region, β(r). The
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Figure 2.2: The cluster Abell 1367 in the redshift-space plane where the centre
in both redshift and position are taken from NED. The higher density of galaxies
about ∆cz = 0 traces the distinctive caustic profile expected, with an example
caustic (set to an arbitrary density threshold) shown.

potential can be modified to account for this,

A2(r) = Φβ(r) , (2.12)

where

Φβ(r) =
2|Φ(r)|
g(β)

and g(β) =
3− 2β(r)

1− β(r)
. (2.13)

As described by Diaferio [1999], this modification also illustrates a possible

origin of the caustic. If the galaxy velocities were purely radial (β(r) = 1) then
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Φβ = 0, and no caustic is observed. This implies that the caustic is caused by

any non-radial motion of galaxies within the cluster and infall region.

As potential for a spherical system relates to the enclosed mass as −GM(<

r)/r2 = −dΦ/dr, we arrive at

GM(< r) = −r
2
A2(r)g(β)

[
d lnA2

d ln r
+

d ln g

d ln r

]
. (2.14)

As measuring A(r) requires estimating the density of galaxies in the (r, v)

plane, it can be too poorly constrained to differentiate. Instead, Diaferio [1999]

recast Equation (2.14) as

GM(< r)−GM(< r0) =

∫ r

r0

A2(r′)Fβ(r′)dr′ , (2.15)

where r0 is an inner radius from which to measure the mass. The term Fβ(r) =

F(r)g(β) encapsulates information about the velocity anisotropy and makes ad-

ditional assumptions regarding the density profile of the cluster. In the usual

hierarchical formation scenarios this can be assumed to be slowly varying over

most of the cluster and is reduced to a constant, Fβ ≈ 0.5 [Diaferio, 1999; Rines

et al., 2003]. This reduces Equation (2.15) to

GM(< r)−GM(< r0) = Fβ
∫ r

r0

A2(r′)dr′ , (2.16)

allowing a mass profile to be constructed. Provided that the true mass density

profile is consistent with, or between, an isothermal profile (ρ ∝ r−2) or an NFW

profile (ρ ∝ r−3) at large radius, mass estimates are independent of the specifics

of the density profile. Similarly, as long as any substructures or disturbances
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are small compared to the cluster (e.g. random galaxy motions dominate and

the cluster is not undergoing a major merger), mass estimates can be insensitive

to the dynamical state and presence of substructure. Even if these assumptions

are not valid, this method is a powerful tool for removing interlopers from a

sample, using all 3 available dimensions (unlike, for example, a σ clip rejection).

A caustic analysis can therefore also be used to select cluster members in addition

to approaches described in Chapter 1.4.3.

The caustic method has been shown to work well on samples of both nearby

clusters [e.g. CAIRNS, Rines et al., 2003] and a broader X-ray selected sample

matched to the SDSS [CIRS, Rines and Diaferio, 2006]. Mass profiles agree well

with NFW profiles and estimated masses are consistent with those estimated

through X-ray and virial methods. As shown by Serra et al. [2011], masses esti-

mated by caustic analyses, through the assumptions of spherical symmetry, are

sensitive to projection effects. Furthermore, application to small haloes with few

galaxies may be difficult, with Serra et al. [2011] demonstrating that reasonable

mass profiles require a minimum of ∼ 200 galaxies within 3r200.

2.2 The Intracluster Medium

2.2.1 X-ray Properties

The large hot gas reservoirs hosted within galaxy groups and clusters radiate

strongly in X-ray wavelengths. As discussed in Sections 1.1.2 and 1.2, this emis-

sion can be related to halo mass through the assumption of hydrostatic equilib-

rium.
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A review of early extragalactic X-ray astronomy is presented by Mulchaey

[2000, and references therein], upon which this discussion is based. Whilst X-

ray observations can be count-limited with extended sources showing only a few

hundred to a few thousand counts in a typical exposure, observations benefit

from the simultaneous, spatially resolved spectroscopy of which X-ray detectors

are capable.

The typical emission spectrum of hot group and cluster gas (the intracluster

medium, ICM) is expected to be a mix of thermal bremsstrahlung radiation and

line emission from metal ions distributed in the ICM. The shape of this emission

spectrum is controlled by the temperature of the gas. High temperature gas

(& 3keV) radiates preferentially through bremsstrahlung, whilst line-emission

dominates at low temperatures. Models, such as the APEC model [Astrophysical

Plasma Emission Code, Smith et al., 2001], can be fit to the observed emission

spectrum (e.g. Figure 2.3) to determine the temperature and metallicity of the

hot gas.

With high quality data (i.e. observations with several thousand source counts)

it is possible to bin and fit spectra radially, allowing a temperature profile to be

determined. With assumptions of spherical symmetry and hydrostatic equilib-

rium, it is possible to determine the halo mass profile from the radial distribution

of gas density and temperature,

M(r) =
rkBT (r)

Gµmp

[
d ln ρg
d ln r

+
d lnT

d ln r

]
, (2.17)

where mp is the proton mass, G is the gravitational constant and µ is the mean

molecular weight of the gas. Using the binned data and the full set of annular
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Figure 2.3: Example X-ray spectra from a Chandra observation of the group
200054 from the optically selected sample of Chapter 4. This spectrum, extracted
within an aperture of ∼ 0.5r500 (see Figure 2.4) and fit with a background model,
was found to have a temperature of 2.8 keV.

spectra, a deprojection analysis can be performed to determine the 3D mass and

gas density profiles.

In cases of poor quality data where radial temperature profiles cannot be

constrained, a common practice is to instead assume an isothermal gas (i.e.

d lnT/d ln r = 0) and to use the mean temperature within an aperture to charac-

terise the group or cluster. The gas density profile, ρg(r), is found by fitting the

surface brightness of the source with, for example, the β-profile, Equation (1.2)

[e.g. Figure 2.4, Cavaliere and Fusco-Femiano, 1976]. This can be deprojected

to give a 3D emission profile which is then converted to the gas density profile.

Physically, β is related to the energy in galaxies relative to the energy in the

hot gas such that β = µmpσ
2/kBT = βspec, though comparisons of this to β
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Figure 2.4: Left: Surface brightness profile of X-ray flux from the group 200054
(See Chapter 4). Counts have been exposure corrected and binned with at least
15 raw counts per bin The solid line is an example fit to the surface brightness,
using two β-models to account for both a central emission core and large diffuse
gas halo. A flat background has also been assumed in the fit. Right: Optical
image (SDSS r-band) for group 200054 with adaptively smoothed X-ray contours
overlaid (blue contours). Also shown are the position of the member galaxies
from Robotham et al. [2011] (magenta squares) and apertures of 100 kpc (yellow
dashed circle) and 0.5r500 illustrating the spectral extraction region (yellow solid
circle).

found from fitting the surface brightness profile, βfit are often in disagreement

[e.g. Mulchaey, 2000; Osmond and Ponman, 2004]. However, these would only

be expected to agree if the gas and galaxies were distributed isothermally and

trace the dark matter distribution. In reality, we know the gas temperature is not

isothermal and is distributed with a large core, the discrepancy between βspec ≈ 1

rather than the observed βfit = 2/3 — decreasing to 1/2 at low masses [Mohr

et al., 1999] — is not unexpected.

An even simpler mass estimation technique is to use the mass-temperature

(M − T ) relation. Already well known from the study of self-similarity within

groups and clusters, and calibrated on systems with high quality data, the M−T

49



relation can be used as a scaling relation to relate a mean temperature to a mass

[e.g. Sun et al., 2009]. Furthermore, results such as Le Brun et al. [2014] suggest

that the M − T relation is robust against processes such as feedback.

As with the virial theorem, estimated group or cluster masses from the hot in-

tracluster medium are vulnerable to dynamical disturbances in the group. Recent

merger activity, or extra heating of gas, will disturb the hydrostatic equilibrium

of the system, introducing a bias into any mass estimates.

Finally, we reiterate that masses derived in this way are generally determined

from an X-ray selected sample. The selection effects that are associated with an

X-ray selection can introduce bias into the results, as discussed in the previous

chapter.

2.2.2 Sunyaev-Zel’dovich Effect

Hot gas in the potential wells of galaxy clusters also affect observations of the

Cosmic Microwave Background (CMB) — the Sunyaev-Zel’dovich Effect [SZ,

Birkinshaw, 1999; Carlstrom et al., 2002; Sunyaev and Zeldovich, 1980]. It has

been established that the CMB is well described by a blackbody spectrum of

temperature TCMB = 2.73 K [e.g. Fixsen, 2009] where the intensity, I, as a

function of frequency, ν, is described by

I =
2hν3

c2
(ehν/kBTCMB − 1)−1 . (2.18)

where h is the Planck constant and c is the speed of light. kB is the usual

Boltzmann constant.

CMB photons passing through the hot gas in the intracluster medium (ICM)
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can undergo inverse Compton scattering, modifying the observed microwave spec-

trum behind the cluster. Due to the low energies of the incident photons, collisions

within this hot gas will preferentially boost their energies. Following Birkinshaw

[1999], this shift can be described as

∆ISZE = g(x)I0y , (2.19)

where x = hν/kTCMB, I0 = 2(kTCMB)3/(hc)2 and

g(x) =
x4ex

(ex − 1)2

(
x
ex + 1

ex − 1
− 4

)
. (2.20)

The final variable in Equation (2.19), y, is the Comptonisation parameter,

given by

y =

∫
ne(r)σT

kBTe(r)

mec2
dl , (2.21)

where ne and Te are the number density and temperature of the ICM electrons

at a radius r in the cluster respectively. σT is the scattering cross-section. y,

integrated along the line-of-sight, is a measure of the integrated gas pressure. As

the strength of the SZ effect is proportional to y, y is often used as the main

observable from SZ observations. Integrating y over a disk of projected radius

r500 within a cluster, computes the integrated SZ effect, Y500.

In comparison to the X-ray flux of a hot gas source, the SZ signal has two

main differences: y is proportional to ne, rather than n2
e, and there is no distance

/ redshift dependence, allowing gas reservoirs to be seen at much higher redshifts

than is possible for X-ray observations. The lack of a redshift dependence allows

the SZ effect to be a powerful tool for detecting massive clusters at high redshifts.
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Figure 2.5: Exaggerated shift in the CMB spectrum (blue curve) due to the
SZ effect (red curve). This shift is plotted according to Equation (2.19) with
Comptonisation parameter y = 0.1.

The Planck mission [Planck Collaboration et al., 2011a] detected 189 cluster

candidates from the analysis of their early results [Planck Collaboration et al.,

2011b]. Of these, 20 clusters were newly discovered, with the whole sample

spanning up to z ∼ 0.3 and masses above 1015 M�.

Moreover, the use of SZ Y rather than X-ray properties has been shown to

produce much more rigorous scaling relations for estimating cluster masses. Sim-

ulated clusters, for example, find that Y −M scaling relations are comparable to

the self-similar expectation and with low levels of scatter [Motl et al., 2005; Nagai,

2006]. Observations of a sample of real clusters with masses derived from gravi-
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tational lensing agree with these simulated predictions, though with marginally

more scatter [Marrone et al., 2009, 2012].

As the SZ Y parameter is considered to be such a robust mass proxy, it has

inspired a comparable estimator from X-ray analyses, YX = MgTX , where Mg is

the gas mass of a cluster and TX is its mean spectral temperature. YX has been

found in simulations to produce better mass estimates than other X-ray mass

estimators [Kravtsov et al., 2006]. However, Le Brun et al. [2014] caution that

YX (and Y ) is sensitive to the effects of feedback, affecting their reliability as a

mass proxy.

We finally note that this discussion is based on the non-relativistic thermal SZ

effect only. The SZ flux has additional components, smaller components in the

form of a non-thermal component due to relativistic electrons within a cluster’s

radio halo; the kinetic signal, a Doppler shifted component that depends on the

peculiar velocity of a galaxy cluster; and a polarisation, due to the scattering gas

introducing a polarisation on the scattered photons.

2.3 Gravitational Lensing

The mass estimators discussed so far rely on the assumption that the properties or

distribution of baryonic matter (the stars and gas) within a halo are informing us

about the mass within that halo, the majority of which is dark and only interacts

gravitationally. Through this gravitational interaction, one of the most direct

mass estimation techniques is derived. Observations of galaxy clusters which are

massive enough to distort the images of background galaxies — analogous to the

distortion of light through a lens — contain a substantial amount of information
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about the total projected mass of a cluster. Measuring the distortions due to

these gravitational lenses can allow one to construct mass profiles. An example

lensing system is shown in Figure 2.6. A comprehensive review of the principles

of gravitational lensing are presented in Narayan and Bartelmann [1996, and

references therein], upon which the following discussion is based.

Figure 2.6: Example gravitational lensing system, Abell 2218, from the NASA
Hubble Space Telescope archive (NASA/STSci, GPN-2000-000886).

Following the notation of Narayan and Bartelmann [1996], a lensing system

is characterised by the lens equation,

β = θ − α(θ) , (2.22)

where β is the true angle of the source relative to the optic axis between the

lens and observer, θ is the angle from the optic axis of the image and α is the

apparent, or reduced, deflection angle (Figure 2.7). The true deflection angle, α̂,

is related to the reduced deflection angle as

α =
Dds

Ds

α̂ , (2.23)
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where Dds is the distance from the source to the lensing object and Ds is the

distance from the source to the observer.

Figure 2.7: A cartoon of a lensing system illustrating the geometry leading to
the lens equation (Equation 2.22) and the reduced deflection angle α̂ (Equation
2.23). We follow the notation of Narayan and Bartelmann [1996].

Again, summarising Narayan and Bartelmann [1996], for a point mass, the

true deflection angle is α̂ = 4GM/c2b where M is the mass of the lensing point

mass and b the distance of closest approach for an unperturbed light ray (the

impact parameter). G and c are the usual gravitational constant and speed of

light. The majority of the lensing deflection occurs near the lens which, given the

large distances between source, lens and observer, allows the lens to be treated as

a projected mass sheet with surface mass density Σ(ξ). In a circularly symmetric

system, the deflection angle becomes α̂(ξ) = 4GM(< ξ)/c2ξ where M(< ξ) is the

projected mass enclosed within a radius ξ.

Determining the deflection angle therefore allows the projected mass profile

to be estimated. The simplest realistic example of this is for an observation of an
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“Einstein Ring”, an example of strong lensing whereby the source is on the optic

axis of the lens and its image forms a ring enclosing the cluster at the “Einstein

radius”, θE.

The Einstein radius encloses a mean surface mass density known as the critical

density Σcr. Using the lens equation with β = 0 and assuming a constant surface

mass density when estimating α̂(ξ), the critical density can be defined as

Σcr =
c2

4πG

Ds

DdDds

. (2.24)

The Einstein radius is

θE =

[
4GM(< θE)

c2

Ds

DdDds

] 1
2

. (2.25)

The critical density can be used to characterise the two main varieties of

gravitational lensing that are commonly used for mass estimation, strong lensing,

where surface densities are comparable to Σcr, and weak lensing, where the surface

densities are < Σcr. The Einstein ring is an example of strong lensing, however,

the precise alignment and assumptions of symmetry required means few examples

have been found, none of which are perfect rings. Strong lensing instead usually

appears as giant arcs in cluster observations (e.g. Figure 2.6). Again, assuming

circular symmetry, the surface mass density inside a circle traced by such an arc

is the critical density, Σcr, allowing the enclosed projected mass to be estimated.

Weak lensing on the other hand appears as the aligned distortion of the back-

ground galaxy field. For these galaxies the gravitational lens will distort back-

ground images into small arclets, the galaxy shear. The degree of sheer is related
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to density of the lens relative to the critical surface density. Mapping these dis-

tortions allows a map of the surface density to be constructed, leading to direct

measure of the projected mass distribution. However, this effect is weak, and

due to noise introduced by the intrinsic shape of galaxies, it can be difficult to

measure on individual systems, especially on low mass systems where the weak

lensing signal is small.

2.4 Other Methods

2.4.1 Galaxy Density

Whilst not a mass proxy, the galaxy number density profile has been used to

characterise cluster sizes. We refer to the discussion of Hansen et al. [2005]

who, on a sample of galaxy groups from the SDSS, were able to construct a

galaxy density number profile by radially binning the members of a sample of

clusters from the SDSS. Using this density profile, corrected for projection, and

by reference to the global SDSS luminosity function [Blanton et al., 2003] to

estimate the mean density of galaxies, they identified the radius at which the

density of galaxies was 200Ω−1
m times the mean density of galaxies, RN200. Though

Hansen et al. [2005] note that RN200 is not the same as r200 for a dark matter

halo unless galaxies are completely unbiased tracers of mass. However, they

suggest that the bias is close to unity and that RN200 therefore is a reasonable

approximation to r200.

To determine their number profile, Hansen et al. [2005] fit a simple power law

to the galaxy density profile split into several richness bins. Other results have
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demonstrated that the galaxy distribution is comparable to the NFW density

distribution, though with a different concentration [e.g. Budzynski et al., 2012].

In Chapter 3 we extend this idea to use an NFW distribution of galaxies to

estimate the masses of groups and clusters.

2.4.2 Scaling Relations

With the exception of dynamical mass estimators, the previous mass estimators

often require data beyond the scope of typical redshift surveys. We have also

discussed that there are numerous challenges to overcome when applying such

estimators to low mass objects. A simple alternative to this is to determine a

scaling relation that relates an easily observable parameter — a mass proxy — to

the group mass, calibrating on the subset of groups where both mass and mass

proxy are available. This will be discussed and demonstrated more in Chapter 3.

Here we discuss examples of previous work on this topic.

Cluster Richness

As structure builds hierarchically through the merger of smaller halos, it is simple

to see that the number of galaxies within a halo should scale with the mass of

the halo — a mass-richness relation. The details of this correlation are subject to

processes such as galaxy mergers, which would reduce the number of galaxies in

the group, as well as the variation in the luminosity function and star formation

efficiency with mass, which modify the number of galaxies observable above a

given luminosity limit.

When constructing a mass-richness relation, the definition of richness is im-

portant. For example, one could simply count the galaxies above some flux limit
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and within an aperture [e.g. Section 3.3.1 Budzynski et al., 2012], correcting for

background as required. The Budzynski et al. [2012] mass-richness relation was

constructed to enable mass estimation on a large sample of groups and clusters,

only a subset of which had X-ray masses available in the literature, which they

used as a calibration sample. They measured richness as the number of galaxies

within 1 Mpc with absolute magnitude Mr ≤ −20.5, subtracting a background

found from estimating the mean number density of galaxies in a series of annuli

spanning 2.5 − 5Mpc. Their mass-richness relation extended to moderately low

mass (M500 > 1013.7 M�) and was found to have a slope of 1.4±0.1 with intrinsic

scatter 0.08± 0.01 dex.

Early robust measures of richness were based on a parameter used to quantify

the environment around radio galaxies [Yee and López-Cruz, 1999, and references

therein] and were found to correlate well with the dynamics and X-ray properties

of massive clusters. This estimator, essentially the amplitude of the galaxy-cluster

centre cross-correlation function, Bgc such that ξ(r) = Bgcr
−γ, is effectively the

net number of galaxies within some aperture and brighter than some absolute

magnitude scaled by the luminosity function and the spatial distribution function.

Using an aperture of 0.5h−1
50 Mpc, Yee and Ellingson [2003] found Bgc scaled with

mass with a Bgc −Mvir slope of 0.61 ± 0.10, consistent with their expectations

of γ/3 where γ = 1.8, comparable to the slope of the density profile at their

relatively small radius.

More recent estimators take advantage of the distinctive nature of cluster

galaxies, predominantly selecting red galaxies [Andreon and Bergé, 2012; Andreon

and Hurn, 2010], or developing a matched filter that not only gives an estimate

of the richness but also computes the probably of a galaxy being a member of
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the group [Rozo et al., 2009, 2011; Rykoff et al., 2012]. Selecting red sequence

galaxies allows one to select a sample that is significantly different from the

field (and therefore less likely to be contaminated). For a sample of cluster

members Rozo et al. [2009] calculate richness λ =
∑

i pi where pi is found by

evaluating the ith galaxy’s radial position, i-band luminosity and g−r colour. As

described in Rozo et al. [2009], these properties are matched against the projected

NFW of Bartelmann [1996], a standard Schechter luminosity function [Schechter,

1976] with a passively evolving characteristic magnitude, and a Gaussian colour

distribution centred on the red sequence at a given redshift. For a sample of 2000

maxBCG clusters with X-ray luminosity from the ROSAT All Sky Survey, this

richness was found to have reduced scatter as a mass proxy compared to other

available data where Rykoff et al. [2012] found LX ∝ λ1.69±0.06 with a scatter of

63 ± 2%. Though this scatter is larger than the scatter observed by Budzynski

et al. [2012], equivalent to 19%, the differences in selection, definition of richness

and the use of ROSAT LX rather than mass make direct comparison somewhat

difficult.

Rozo et al. [2011] examine this last richness estimator to further understand

the sources of scatter in the mass proxy. They found that, in comparison to

the expected Poisson noise, the scatter in the definition of the red sequence, as

well as measurement errors on photometry or photometric redshifts had little

impact on the scatter in richness. Halo triaxiality, where the assumption of

spherically symmetric halos breaks down due to an ellipsoidal mass distribution,

was found to introduce levels of scatter comparable to Poisson noise, whilst cluster

miscentering was the most significant source of scatter. Rykoff et al. [2012] further

experiment with the colour selection, adding a second Gaussian to their colour
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filter to account for the “blue cloud”, finding that it significantly increased scatter

in a LX − λ relation.

As these recent richness estimators filter primarily against a general popula-

tion of galaxies, this makes them difficult to use in lower mass systems where the

red-fraction of member galaxies is significantly lower than in massive clusters.

Allowing the definition of richness to include a broad array of galaxy types, back-

ground correction becomes significantly more important, and sources of scatter

due to the evolution of this other population can have a substantial effect.

Cluster Luminosity

An early example of the attempted use of luminosity to estimate cluster mass is

seen in Zwicky [1937], which, as noted in Chapter 1, lead to the inferred presence

of dark matter. This early measurement was made assuming a mass-to-light ratio

comparable to that of local stars, and instead computed the stellar mass of the

cluster, rather than the total mass. Though cluster luminosity can be used to

determine the stellar mass of a cluster [e.g. Gonzalez et al., 2007], this light can

also be related to the total mass of the halo much like cluster richness.

An early review of the mass-to-light of galaxy groups and clusters can be found

in the study of Girardi et al. [2002, and references therein]. Measurements initially

found flat, mass independent mass-to-light ratios on cluster scales (M/LB ∼

200− 300h−1 M�/L�). However, these estimates were lacking the statistical size

and mass range of modern studies. Through an analysis of 294 systems with

masses in the range ∼ 1012 M� to ∼ 1015 M�, Girardi et al. [2002] found a

mass-luminosity relation Mvir ∝ L1.34±0.03
Bj ,vir

, indicating a mass dependent mass-to-

light ratio. They note however that this result is subject to biases introduced
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by the short, blue filter they use. This wavelength is a better tracer of recent

star formation activity, rather than the stellar mass of the galaxies. They instead

recommend observations in the infrared to better probe the stellar mass.

Such a study was performed by Lin et al. [2003], finding that the deprojected

infrared K-band luminosity of a sample of 27 clusters from 2MASS [Skrutskie

et al., 2006] evolved with X-ray, M−T , derived masses as LK,500 ∝M0.69±0.09
500 with

28% scatter at fixed mass. This corresponds to M500 ∝ L1.44
K,500 when compared

to the Girardi et al. [2002] result. This result had two implications, that either

star formation was more efficient in low mass halos or that stars are more easily

stripped into the Intra-Cluster Light (ICL) at high mass. Current observations,

whilst measuring substantial ICL [e.g. Zibetti et al., 2005], indicate that the

stellar mass fraction, and therefore the efficiency of star formation, peaks in halos

∼ 1012 M�, decreasing towards high mass [Budzynski et al., 2014; Leauthaud

et al., 2012; Moster et al., 2010].

More recent results from the high-LX sample of clusters from the Local Cluster

Substructure Survey (LoCuSS) [Mulroy et al., 2014] found M500 ∝ L0.97±0.17
K,500 with

only 10+0.07
−0.05% scatter. The main difference between this result and those of pre-

vious studies is the use of masses derived from weak lensing analyses rather than

X-ray derived masses. Lin et al. [2003] indicate a large component of their scatter

is the 17% scatter expected from the M −T relation alone, and indeed, repeating

their analysis with hydrostatic X-ray masses Mulroy et al. [2014] find that the

scatter increases to 25+11
−10%. The large difference in slope between Lin et al. [2003]

and Mulroy et al. [2014] is possibly due to the larger range in masses available

to Lin et al. [2003]. Accessing lower mass halos where the stellar mass fraction

is higher than in cluster mass halos will steepen the observed mass-luminosity
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relation.

Clearly the use of cluster luminosity is a powerful mass proxy, though care

must be taken in how one measures the cluster luminosity. As we have discussed,

the choice of wavelength can significantly bias results without first considering

the group or cluster property that your choice of wavelength probes. However,

even in the absence of K-band measurements, such a comparison is still possible.

Popesso et al. [2007], for example, compute a mass-luminosity relation with SDSS

r-band luminosities, finding Lop ∝M0.92±0.03
200 using dynamical masses for a sample

of clusters from the RASS-SDSS galaxy cluster survey.
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Chapter 3

ON OPTICAL MASS

ESTIMATION METHODS FOR

GALAXY GROUPS

3.1 Introduction

An understanding of the mass of galaxy groups and clusters is essential to the

study of these structures and their evolution. For example, use of the concept

of self-similarity, whereby larger systems behave as scaled up versions of smaller

ones [e.g. Alard, 2013; Kaiser, 1986; Navarro et al., 1997], requires knowledge of

the mass of the objects in question. Studies of self-similarity based on cosmo-

logical simulations have direct access to dark matter particle information, which

in turn allows the user to construct robustly defined halo masses. However, this

luxury is not available in the case of observational studies, and comparisons of

baryonic properties, such as X-ray luminosity and gas entropy, with self-similar
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expectations require reliable estimates of the mass of the host halos.

In practice, groups and clusters are observed to depart from self-similar ex-

pectations [Arnaud and Evrard, 1999; Neumann and Arnaud, 2001; Osmond and

Ponman, 2004; Ponman et al., 1999], and these departures offer valuable evidence

about the nature of additional astrophysical processes, such as cooling and cos-

mic feedback, which break the symmetries observed in simple gravity-only models.

Estimates of halo mass, and the corresponding characteristic overdensity radii of

systems, are an essential element in the study of the baryon astrophysics. The

effects of these additional processes are especially notable within poor galaxy

groups (M . 1014 M�), so it is unfortunate that it is precisely in such systems

that masses are most difficult to determine.

Most existing methods of mass estimation rely on the group or cluster mass

distribution affecting a baryonic tracer population, which then provides a measur-

able mass proxy. The simplest, and oldest, of these approaches uses the dynamics

of member galaxies within the cluster halo, whose velocity dispersion is related

to system mass through the Virial Theorem [e.g. Zwicky, 1937]. This approach

is often applied to large redshift surveys as a useful and relatively straightfor-

ward mass estimator [e.g. Eke et al., 2004; Ramella et al., 2004; Robotham et al.,

2011]. This estimator requires that group membership be well-established, with

limited contamination from foreground and background galaxies, though robust

estimators of group velocity dispersion, such as the gapper estimator [Beers et al.,

1990], help to reduce the impact of outliers in the galaxy velocity distribution.

The method also requires that the galaxy tracers are relaxed – i.e. their motions

are not strongly affected by dynamical disturbances such as group mergers or

infall. Studies of simulated clusters by Biviano et al. [2006] indicate that virial
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mass estimates are subject to biases of 10% or more. There are also indications,

from comparisons between galaxy dynamics and X-ray temperatures, that in poor

groups velocity dispersions may be subject to unexplained downward biases which

can be substantially larger [Osmond and Ponman, 2004].

An alternative approach uses the hot gas within the dark matter halo of groups

and clusters. This gas, heated by gravitational collapse to virial temperatures,

radiates X-rays. The surface brightness distribution and spectrum of this radia-

tion can be used to infer the radial distribution of gas density and temperature,

and hence, via hydrostatic equilibrium, to estimate system mass [e.g. Mulchaey,

2000]. Such an analysis requires high quality X-ray data, with radially resolved

spectroscopy. With poorer quality X-ray data, it is still possible to derive useful

mass estimates if a mean X-ray temperature can be measured, applying well-

established mass-temperature relations for groups and clusters [e.g. Sun et al.,

2009]. However, even this may not be available for many galaxy groups, since

they tend to have low X-ray surface brightness. Moreover, as X-ray data are

expensive to acquire and existing all sky surveys such as RASS [ROSAT All Sky

Survey, Voges et al., 1999] are too shallow on average, high quality X-ray spectral

imaging is still not available for the majority of the sky. The upcoming surveys

to be performed by the eROSITA instrument [Merloni et al., 2012], may help

moderate this, though the detection of the lowest surface brightness groups may

still be a challenge.

The most direct estimator of gravitating mass is gravitational lensing. The

distortions imposed on the light from background galaxies as it passes through

the gravitational potential of a foreground cluster allows the surface density of

mass along the line of sight to be derived [Narayan and Bartelmann, 1996]. How-
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ever, the magnitude of these lensing distortions is so small for poor groups that

at present lensing studies at such low masses are largely confined to stacking

analyses. These extract an average mass distribution, destroying information on

the properties of individual groups [Parker et al., 2005].

Due to the availability of large galaxy surveys, the ability to estimate the

masses of galaxy groups and clusters from their galaxy contents alone is an at-

tractive possibility. The aim of this Chapter is therefore to explore ways of

estimating masses given only basic properties of member galaxies available from

surveys such as SDSS [Ahn et al., 2014] and GAMA [Driver et al., 2011]. We will

evaluate the performance of these estimators using a sample of groups for which

X-ray based masses have been well-constrained.

X-ray bright groups appear to constitute a particular subset of the group

population [e.g. Rasmussen et al., 2006], so to check these results and obtain

access to a wider range of groups, we will also investigate the performance of our

mass proxies on a sample of groups drawn from a cosmological simulation.

In §3.2 we discuss the data used in this study. Section 3.3 presents the mass

proxies that we use and in §3.5 we present the results for each methodology. In

§3.6 and §3.7, we present and discuss analogous results for a sample of groups

drawn from a cosmological simulation. Finally, in §3.8 we discuss the implications

of our results for the practical problem of estimating the masses of galaxy groups.

Throughout the paper, we adopt a simple ΛCDM cosmology with Ωm = 0.3,

ΩΛ = 0.7 and H0 = 70 km s−1 Mpc−1. When converting literature results to

our cosmology we adopt h = H0/100 km s−1 Mpc−1 = 0.7 when required. Due

to the small range in current values of H0 and the relatively large scatter in

mass proxies observed the choice of cosmology is not a significant concern, we
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therefore report values in physical units rather than as a function of h70, where

h70 = H0/70 km s−1 Mpc−1. The analysis performed here makes use of the R

statistical package [R Development Core Team, 2009]1.

3.2 Data

This study requires a sample of galaxy groups with both optical data, for use

in constructing mass proxies, and robust mass estimates that are independent of

optical properties, against which mass-proxy scaling relations can be investigated

and calibrated. We take our canonical masses from high quality X-ray analyses

and use the Sloan Digital Sky Survey (SDSS) as the source of our optical data.

Throughout this work we take the mass derived from hydrostatic X-ray anal-

yses as the canonical mass of a halo. We note however that in both simulations

(where the true mass is known) and observations (using weak lensing mass es-

timates) the hydrostatic mass is found to be biased low by ∼ 10 − 30% [e.g.

Mahdavi et al., 2013; Nelson et al., 2014]. Though this bias is observed to be

reduced for relaxed systems, it is probable that any X-ray selected sample we use

here may be affected, which we do not attempt to correct for.

3.2.1 X-ray

Our galaxy group sample is primarily drawn from the Sun et al. [2009, hereafter

S09] Chandra study of galaxy groups. This uses a sample of 43 groups with

ACIS imaging from the Chandra archive. The groups were selected to have low

temperature (T500 . 2.7keV) and redshift (0.015 < z < 0.13), together with a

1www.r-project.org
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relaxed morphology (i.e. emission is not significantly substructured or disturbed).

These criteria ensure that these groups have low mass and high quality X-ray

data suitable for a hydrostatic mass analysis. The lower redshift limit ensures

that r2500, the radius enclosing a mean density 2500 times the critical density of

the universe, for each group lies within the ACIS field of view, allowing S09 to

trace gas properties to large radii.

The result is one of the most robust X-ray analyses of low mass groups cur-

rently available. Additionally, the low redshifts of these groups implies that their

member galaxies should be well sampled by the SDSS for groups which lie within

the Sloan survey area. It should be noted that this sample is an X-ray selected

sample and may differ systematically from optically selected samples, as we will

discuss later.

The groups of S09 were split into four tiers depending on the extent to which

they were able to trace gas properties from the emission centre. We use the two

best subsets for which M500 was either measured at r500 or was extrapolated based

on gas properties at a large fraction of r500 (& 0.68r500) – ‘Tier 1’ and ‘Tier 2’

respectively. There are 23 groups for which this was possible, 15 of which are

covered by the SDSS.

To supplement this sample, and to usefully extend the mass range for cali-

bration of mass proxies, we add 4 groups and 8 clusters with masses determined

by Sanderson and Ponman. The cluster analysis is described in Sanderson and

Ponman [2010, hereafter SP10]. The full sample included 20 high flux Chandra

clusters drawn from the flux-limited sample of Ikebe et al. [2002]. The four groups

were analysed in exactly the same way. Our superset sample therefore consists

of 27 groups and clusters. However, in what follows we will exclude 5 groups for
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which galaxy membership was not well-defined (section 3.2.2) or for which SDSS

spectroscopic completeness was inadequate (section 3.2.2), leaving a final sample

of 22 systems.

The position and redshift of each of our groups was extracted from the NASA

Extragalactic Database (NED). We note that the cosmology used by S09 (Ωm =

0.24, ΩΛ = 0.76 and H0 = 73 km s−1 Mpc−1) differs from that used here and in

SP10. Given the low redshift of our groups (z . 0.1) the effect of Ωm and ΩΛ

is negligible. However, we apply a correction for H0, scaling masses from S09 to

M�h
−1
70 .

3.2.2 Optical

Optical counterparts were selected from the Seventh Data Release (DR7) of the

Sloan Digital Sky Survey (SDSS) [Abazajian et al., 2009]. Specifically we use data

from the DR7 release of the Value-Added Galaxy Catalogue (VAGC) [Blanton

et al., 2005]. This catalogue features improvements on the original survey, includ-

ing photometric calibration [Padmanabhan et al., 2008] and source identification.

The VAGC also provides a set of K-corrected absolute magnitudes [Blanton and

Roweis, 2007] such that

M = m− 5 log

(
DL(z)

10pc

)
−K(z) + 5 log h , (3.1)

where DL(z) is the luminosity distance to the galaxy, M and m are the absolute

and apparent magnitude respectively and K(z) is the K-correction. We use K-

corrected catalogues where the K-correction has been found for filters shifted to

z = 0.1.
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The original DR7 is nominally spectroscopically complete to an apparent Pet-

rosian magnitude limit of mr ≈ 17.77, however this can vary somewhat across the

sky. Following Berlind et al. [2006] we adopt a more conservative r-band magni-

tude limit of 17.5 to ensure more uniform coverage with an average completeness

of ∼ 95% as discussed below (Section 3.2.2). We further subset our galaxy sample

by selecting only objects that meet the Blanton et al. galaxy criteria, i.e. have

the bitmask ‘VAGC_SELECT’>=4, reducing potential contamination from spurious

sources.

Group Membership

To explore the impact of galaxy selection methods on our mass proxies, we con-

struct two optical group samples. A ‘volumetric’ sample, based upon selecting

galaxies within a quasi-cylindrical volume about each X-ray group, and a ‘Friends-

of-Friends’ (FoF) sample constructed by performing a friends-of-friends analysis

on the galaxies in the vicinity of each group and matching the extracted groups

to the X-ray groups. This allows us to examine effects such as the imposition of

a fixed metric aperture and the differing treatment of interlopers.

The volumetric sample is initially built by selecting galaxies from the VAGC

spectroscopic sample within cones of radius 5 Mpc about the group positions

drawn from NED. An initial velocity cut of ±1000 km s−1 about the group red-

shift, also drawn from NED, is also applied. We note that these position and

velocity centroids are not consistently defined due to the heterogeneous nature

of the NED service. The sample’s centroids constitute a mix of X-ray, photo-

metric and radio centroids. We do not refine these centres using the extracted

spectroscopic galaxies, but comment on their impact in later sections.
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Using galaxies from a smaller, 1 Mpc, aperture we then determine a velocity

dispersion, σ, for the system using the gapper estimator from Beers et al. [1990].

This estimator is unbiased in low multiplicity systems and is robust against out-

liers. For a system of N galaxies each with a velocity vi we first order these ve-

locities and determine the gap between pairs as gi = vi+1− vi for i = 1, ..., N − 1.

Each gap is weighted by its position within the ordered list, wi = i(N − i). The

gapper estimator is then defined as

σgap =

√
π

N(N − 1)

N−1∑
i=1

wigi . (3.2)

As discussed by E04, if we assume that the brightest group galaxy (BGG)

is stationary within the group halo, then σgap needs to be modified by a factor√
N/(N − 1) giving

σ =

√
N

N − 1
σ2
gap . (3.3)

Our final volumetric group membership is then constructed iteratively by

applying this 3σ clip until the number of galaxies within 1 Mpc converges (i.e.

velocity dispersion converges). The galaxy sample within the 5 Mpc cone is

then refined by applying a 3σ clip using the same value of σ. We assume that

our galaxy sample consists of two populations, an interloper-contaminated group

population within a 1 Mpc aperture, and a local background which we determine

within an annulus of radius 3 – 5 Mpc about the group centre. Where possible,

we use this local background to statistically subtract interloper contamination

from our mass proxies. This annulus was chosen to be large enough to reduce

any group contribution to this local background even for the largest systems (e.g.

r200 ∼ 2 Mpc for M200 ∼ 1 × 1015 M�, assuming a mean density 200ρc(z) at
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z = 0.1). This background may include infalling galaxies or field galaxies in

the Hubble flow that have similar redshifts to the group itself. Mamon et al.

[2010] analysed an ensemble of halos from a cosmological simulation and found

the surface density of interlopers within a σ clipped volume to be approximately

uniform with radius, so our background subtraction should be effective so long

as foreground or background structures contribute equally to our source and

background regions. The application of this background correction is described

in section 3.3.

Due to sparse spectroscopic coverage for one group our calculation fails to

converge on a velocity dispersion and group membership. We exclude this group

from our analysis, reducing the sample to 26 groups.

To generate the Friends-of-Friends group sample we follow the algorithm de-

scribed by E04. This was originally developed for the 2-degree Field Galaxy

Redshift Survey [2dFGRS, Colless et al., 2001]. We use the E04 linking length

calibration, whereby perpendicular and parallel linking lengths are determined as

`⊥ = b/n1/3 and `‖ = R`⊥ respectively. Following E04, the parameters b and R

are found for each galaxy as

b = bgal

(
∆

∆fit

)εb
and R = Rgal

(
∆

∆fit

)εR
, (3.4)

where ∆ is the galaxy overdensity relative to the background galaxy density, taken

to be n. ∆ is estimated within a cylinder of comoving radius 1.5h−1 Mpc and

depth Rgal times the width of this cylinder centred on each galaxy. This scaling

is intended to reduce biases in recovered halo size introduced by mass-dependent

properties such as halo concentrations [E04]. n is determined by integrating the
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universal SDSS luminosity function [Blanton et al., 2003] to the magnitude limit

at the redshift of a given galaxy. The parameters bgal, Rgal, εb, εR and ∆fit are

taken from the E04 calibration.

We apply this to all galaxies within a cone with a radius of at least 5 Mpc

and extending to a redshift of 0.2 about each volumetric group. This volume will

contain more than one FoF group for a given X-ray system. We select the central

group by matching the NED position to the centre of identified groups within a

range of ±0.05 in redshift.

The FoF group centre is determined using an iterative centre of light approach

similar to that described in Robotham et al. [2011]. Weighting each galaxy by its

luminosity and velocity offset from the mean, a centroid is derived at each step

and the galaxy furthest from this is discarded. This process is repeated until only

two galaxies remain, and the brightest of these is then taken as the group centre.

The FoF group redshift is taken to be the median redshift of member galaxies.

Spectroscopic Completeness and Survey Coverage

Whilst the SDSS spectroscopy is nominally & 85% complete to mr = 17.77

[Blanton et al., 2005], variation in the target selection function, as well as incom-

pleteness due to fibre collisions and obscuration from bright foreground objects,

can lead to a variable level of completeness across the sky [Berlind et al., 2006].

Our initial apparent magnitude cut of mr ≤ 17.5 allows us to be confident of

greater, and more uniform, completeness.

Correcting for fibre collisions is especially important in regions of high density

such as the centres of galaxy groups and clusters. This problem is moderated

slightly for the SDSS due to some overlap in its tiling pattern allowing for repeat
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visits to regions of the sky. However, as this overlap covered only a small fraction

of the observed field, fibre collisions still need to be considered. Failure to account

for this would result in an underestimate of galaxy group richness and galaxy

overdensities within these regions. We use the NYU-VAGC datasets in which each

collided galaxy is assigned the spectroscopic redshift of the galaxy it collided with

[Blanton et al., 2005]. This correction, found by Blanton et al. [2005] to affect

∼ 6% of galaxies globally, is used for 10.4% of the galaxies in our sample. As we

focus on regions with known groups or clusters, i.e. high density galaxy fields,

this increase compared to the global average is to be expected.

The incidence of collided galaxies is larger in the dense central regions, and

these central collisions are concentrated in 9 of the final 22 groups, with, on

average, two corrected galaxies in each. In case the ‘cloning’ of redshifts in these

systems introduces any significant bias into their calculated velocity dispersions,

we will pay special attention to them in the analysis presented in §3.5.3.

We assess the level of any remaining spectroscopic incompleteness by direct

comparison of the spectroscopic and photometric data. Selecting both photomet-

ric and spectroscopic galaxies (within our apparent magnitude limited sample)

within a cone about a point on the sky, we can define completeness at each po-

sition as the ratio of the number of galaxies with a redshift to the total number

photometric galaxies available. To control the statistical uncertainty on each

point, yet ensure we have resolution as high as possible in dense regions, the size

of the cone is adjusted to contain at least 25 spectroscopic galaxies. In most cases

we find completeness close to unity, with an average value of ∼ 95% within our

groups. The inverse of the local completeness is included as a weight on each

galaxy when applied to the majority of our methods as described in §3.3. As a
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dynamical mass estimator is robust to the effects of incompleteness (assuming no

velocity substructures), we do not attempt to correct for incompleteness in the

case of dynamical mass proxies.

We also use the photometric data to derive a correction for fields located

on the edge of the survey. Using a coarsely smoothed map of the photometric

galaxy density we define the survey edge to be a contour 2σΣ below the mean

surface density, where the mean and standard deviation, σΣ, are found iteratively,

excluding regions of high (the group) and low (beyond the survey edge) density.

Figure 3.1 illustrates an example completeness map for one of our groups which

falls close to the SDSS survey boundary. We use this knowledge of the survey

boundary to account for any missing area within each group, as described in §3.3.

To ensure that we do not use data requiring very large corrections for spec-

troscopic completeness or survey coverage, we examine the 26 groups remaining

in the current sample, and exclude those which have a central or background

completenesses < 70% (within a 1 Mpc aperture and a 3-5 Mpc annulus respec-

tively), or have < 70% and < 50% footprint coverage, respectively, in the source

and background regions. This excludes an additional four groups, reducing the

sample to 23 systems, four of which intersect the survey edge. We exclude one

last group due to a heavily contaminating background structure that could not

be satisfactorily excluded. The final group sample consists of 22 groups. Their

X-ray and initial optical properties are described in Table 3.1.

Luminosity Completeness

As our optical data are drawn from an apparent magnitude limited survey, which

results in a redshift-dependent absolute magnitude limit, a final correction factor
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Figure 3.1: Completeness map for the group 3C442A. Greyscale contours indi-
cate the measured spectroscopic completeness as described in the text, with black
contours delineating 100, 80, 70 and 60% completeness levels. Dashed red cir-
cles indicate our 1, 3 and 5 Mpc boundaries representing the areas within which
membership and background are determined respectively. The points represent
the galaxies that pass through the 3σ clip, filled circles represent member galax-
ies, open triangles all galaxies beyond 1 Mpc, whilst colour represents redshift
(galaxies at larger redshift are redder in the range 0.024 . z . 0.030).

is needed to rescale results to the same absolute magnitude for those mass proxies

which scale with the number or luminosity of galaxies.

To correct for this, we integrate over the galaxy luminosity function to calcu-

late two factors,

cN =

Lbright
r∫

Lfaint
r (z)

Φ(Lr)dLr

Lbright
r∫

Lfaint
r

Φ(Lr)dLr

, (3.5)

78



and

cL =

Lbright
r∫

Lfaint
r (z)

LrΦ(Lr)dLr

Lbright
r∫

Lfaint
r

LrΦ(Lr)dLr

, (3.6)

to extrapolate number (cN) and luminosity (cL) estimates to a fixed absolute mag-

nitude. We use Φ(L) to be a standard Schechter luminosity function [Schechter,

1976] with parameters from the r-band cluster luminosity function of Popesso

et al. [2005] (M∗
r − 5 log h = −21.35 ± 0.19 and α = −1.30 ± 0.06). We set the

faint limit to be Mr = −16.5, comparable to the faintest absolute magnitude of

galaxies within our sample and converted to luminosity assuming Mr,� = 4.671.

The correction is therefore ∼ 1 for the closest groups, and reaches values of

cN = 0.11, cL = 0.65 for our most distant, at z ≈ 0.09.

3.3 Mass Proxies

3.3.1 Richness and Luminosity

One of the simplest mass proxies available to us is the number of galaxies brighter

than a specific luminosity contained within a galaxy group. Through hierarchical

formation we expect larger dark matter halos to have formed through the assim-

ilation of smaller structures, and the total number of galaxies will be conserved

during this process. Whilst there are processes that can reduce the final richness

of groups, such as the orbital decay and merger of large galaxies, the impact of

this on richness would be limited by the large dwarf populations in groups. In the

1http://mips.as.arizona.edu/~cnaw/sun.html
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absence of major trends in star formation efficiency and trends in the luminosity

function parameters with halo mass, we would naively expect richness to scale

approximately linearly with mass. In practice this is not the case; star formation

efficiency, and therefore stellar mass fraction, have been shown to vary with halo

mass [e.g. Leauthaud et al., 2012; Moster et al., 2010], whilst luminosity functions

have been found to become significantly more “field”-like in lower mass haloes

[e.g. Hansen et al., 2005; Robotham et al., 2010; Zandivarez and Mart́ınez, 2011],

both of which will affect the number of galaxies observed above a given lumi-

nosity. We discuss the impact these have on our naive expectations in Section

3.5.1.

Richness-based mass proxies have previously been studied by a number of

different authors. Budzynski et al. [2012], for example, use a mass-richness

relation to determine the masses of their high mass group and cluster sample

(M500 > 1013.7 M�). Other studies examine the mass-richness relation for a sub-

set of galaxy types, such as red sequence galaxies [Rozo et al., 2009], and sources

of scatter therein [Rozo et al., 2011], as well as Andreon and Hurn [2010] who

similarly select only red galaxies. Rykoff et al. [2012] extend the richness esti-

mator of Rozo et al. [2009] to include blue galaxies, finding that it increases the

observed scatter in the LX-richness relation. However, rather than restricting

our analysis to a single class of galaxy, which would limit the diversity of groups

suitable for analysis, we use all galaxies within each group.

To avoid the circularity involved in counting galaxies within some radius (e.g.

an overdensity radius) which scales with mass, we employ a simple aperture-

limited richness for our volumetric sample. Richness is defined as the number of

galaxies within 1 Mpc of the group centre, corrected for incompleteness. Each
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galaxy’s contribution within the aperture is weighted by the inverse of its local

spectroscopic completeness, and the number counts, after background subtrac-

tion, are corrected to our standard absolute magnitude range as described in

§3.2.2 above. We make no correction for projection effects or for the imposition

of a fixed aperture. Our aim here is to keep the procedure simple and to calibrate

out these effects by comparison with the X-ray masses.

To correct for interloper contributions we first estimate the surface number

density in a background annulus of radius 3 to 5 Mpc. Again, each galaxy con-

tribution is weighted by its local spectroscopic completeness. If the annulus

intersects the survey edge, we estimate the area that is covered and determine

the surface density within this area. Using this surface density we estimate the

number of background galaxies within the 1 Mpc aperture (again, correcting for

the survey footprint if necessary). We subtract this background estimate from

our total richness and rescale to a fixed absolute magnitude limit using equation

(3.5) to determine our final corrected volumetric richness estimate, Ñ1Mpc.

For our FoF sample, the procedure is simpler. Here no background subtraction

is performed – it is assumed that background contamination is negligible – and the

FoF multiplicity (NFoF ) is corrected for spectroscopic and survey incompleteness

and scaled to our standard absolute magnitude, to give the corrected richness

estimate, ÑFoF .

A closely related mass proxy to richness is the total optical luminosity of a

group. This has the advantage over richness of being less sensitive to variations

in the faint end slope of the luminosity function. Furthermore, galaxy mergers

conserve luminosity but not number, although in practice it is known that merg-

ers and tidal interactions can remove stars from galaxies, forming an intra-cluster
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light [ICL, see, e.g. Gonzalez et al., 2005; Zibetti et al., 2005] component. Our

SDSS-derived luminosities do not include any contribution from ICL, and rather

than attempting to correct for any trends in ICL, we assume that they can be

calibrated out in our mass-luminosity analysis below. We convert absolute mag-

nitudes to luminosities in solar units assuming M�r = 4.67, and treat background

and correction as for richness. The final luminosity-based mass proxies, L1Mpc

and LFoF , are then derived by rescaling to our standard absolute magnitude using

the cL factor from Equation (3.6).

3.3.2 Overdensity

It is has been established that dark matter haloes in simulations are generally

well represented by Navarro, Frenk and White density profiles [NFW, Navarro

et al., 1996],

ρ(r) =
ρ0

r
rs

(
1 + r

rs

)2 . (3.7)

where rs is the scale radius and ρ0 is the normalisation of the NFW profile.

Under the assumption that galaxies trace mass, it is possible to use the galaxy

density profile to infer the total mass of the system. A similar approach was

employed by Hansen et al. [2005], who determined galaxy surface densities by

counting galaxies within cylinders of increasing radius about each group or cluster.

By applying a scale factor, these surface densities were converted into 3D densities

and, comparing to the field density based on the Blanton et al. [2003] SDSS

luminosity functions, characteristic overdensity radii were derived. These radii,

rN200, were defined to be the radius at which the estimated galaxy density was

200/Ωm times the mean galaxy density, where the factor of Ωm allows conversion
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from mean to critical density.

We expand on this approach by fitting a projected NFW profile to the ob-

served galaxy number distribution and using the resultant NFW profile to deter-

mine the radius at which the density of galaxies is 500/Ωm times that derived

from the global luminosity function. This radius should be equivalent to the

radius enclosing a mean density of 500 times the critical density. Using a maxi-

mum likelihood method, we fit the projected NFW profile derived by Bartelmann

[1996],

ΣNFW (x) =
2ρ0rs
x2 − 1

f(x) , (3.8)

where x = r/rs and

f(x) =


1− 2√

x2−1
arctan

√
x−1
x+1

x > 1

1− 2√
1−x2 arctanh

√
1−x
1+x

x < 1

0 x = 1

.

For the volumetric sample we add to this fit a background term, Σbg, to

account for any background in the field, i.e.

Σ(r) = ΣNFW (r) + Σbg . (3.9)

Incorporating this background term, we fit the galaxy distribution for each group

within its full 5 Mpc, 3σ cone. For the FoF sample, the profile is fit to the

FoF-linked galaxies assuming no background contribution.

The fit to the observed number distribution of galaxies involves using equation

(3.9) to predict the number of galaxies within each annulus of width dr, centred
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at projected radius r,

dN(r) = 2πA(r)rΣ(r)dr . (3.10)

The constant 2π assumes an annulus of radius r and width dr is fully covered,

and in these cases A(r) = 1. As already discussed there are instances where the

group intersects the survey edge. For these groups, the factor A(r) ≤ 1 is used

to rescale the area of the annulus as required.

The likelihood, Li, of observing a galaxy i at radius ri is

Li =
2πriΣ(ri)∫ rmax

0
2πrΣ(r)dr

, (3.11)

where rmax is the largest projected radius of the galaxies included in the fit. The

likelihood function that we maximise with respect to rs and Σbg is then

L =
N∏
i

Li . (3.12)

The full analysis is an iterative process, in which we initially use all galaxies within

a group’s volume, with each galaxy weighted by the inverse of its local complete-

ness. The fitted projected NFW and background terms are then renormalised to

reproduce the observed number of galaxies used in the fit.

The group mass is then inferred by integrating the 3D NFW density profile,

equation (3.7), using the values of rs and ρ0 determined from the fit. This gives

a mean galaxy density profile from which we estimate r500 as the radius within

which the mean number density is 500/Ωm times the mean galaxy number density.

We determine the mean number density using a global luminosity function for the

SDSS with r-band parameters of M∗
r − 5 log h = −20.44± 0.01, α = −1.05± 0.01
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and φ∗ = (1.49± 0.04)× 10−2h3 Mpc−3 from Blanton et al. [2003], and integrate

from Mr = −25 to an absolute magnitude determined by the apparent magnitude

limit at the group’s redshift.

Using this initial estimate of r500 and the fit results as new initial guesses for rs

and Σbg, we then repeat the fit excluding the central galaxies (r < 0.1r500). This

radial cut excludes central galaxies, which may be affected by orbital decay and

galaxy merging at the centre of the group potential, and may therefore depart

from the expected NFW distribution. We run this core-excised fit twice, iterating

r500.

We adopt a similar approach to define a luminosity overdensity. As with the

richness/luminosity estimators, this extension provides an estimator which should

be more robust against variations in the faint end slope of the luminosity function,

since this contains many galaxies but not much light. The above analysis is simply

modified to weight each galaxy in the likelihood fit by its luminosity. When

determining luminosity overdensity we also explicitly add the BGG luminosity,

which can represent a substantial fraction of the group total for poor groups,

and estimate the mean global luminosity density from the Blanton et al. [2003]

luminosity function.

We note that this approach assumes that an overdensity in the baryonic prop-

erties (e.g. galaxy number) of a group relates directly to the same overdensity in

mass, essentially assuming that light-traces-mass. As demonstrated by the need

to excise the core this is not necessarily the case. Indeed, it has been shown that

galaxy density profiles are typically a factor of two less concentrated than those of

dark matter profiles [e.g. Budzynski et al., 2012]. As we normalise galaxy profiles

to recover the observed number and total light of galaxies, this concentration dif-
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ference will trade against normalisation, ultimately reducing the observed group

overdensity radius compared to what would be expected if the galaxies were con-

centrated as the underlying dark matter. This should however be a systematic

bias we can calibrate out. More importantly, effects such as mass dependent vari-

ation in star formation efficiency will likely introduce substantial bias into this

analysis which we will discuss more in Section 3.5.2.

3.3.3 Dynamical Mass

Dynamical mass estimation is one of the oldest and most well established tech-

niques. The Virial Theorem, applied to a stable system, leads directly to

M ∝ rσ2 . (3.13)

Eke et al. [2004], calibrating this relation on simulated clusters for the 2dF

Galaxy Redshift Survey, with a cosmology of H0 = 100h km s−1 Mpc−1 with

h = 1, find

Mvir = 5
rrmsσ

2

G
, (3.14)

where rrms is the RMS group radius and σ is the velocity dispersion found using

the gapper estimator described in section 3.2.2. For the same H0 with a different

set of simulations, Robotham et al. [2011] find a substantially higher constant

with

Mhalo = 10
r50%σ

2

G
, (3.15)

where r50% is the radius containing 50% of a group’s galaxies. This constant is

likely due to the different definition of radius.
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Alternatively, this can be cast completely in terms of the velocity dispersion,

σ, by assuming r∆ ∝ σ [e.g. Carlberg et al., 1997b; Ramella et al., 2004] such

that,

M∆ = 3
r∆σ

2

G
= 3

√
6

∆

σ3

H(z)G
, (3.16)

where ∆ is the overdensity, relative to the critical density, enclosed within r∆.

Despite the fact that these methods are well established, we include them

to investigate the possible biases that have been reported in dynamical mass

estimates of poor groups, as discussed in section 3.1. For each of these estimators

we reduce the proxies to M500 ∝ rrmsσ
2 and M500 ∝ σ3 respectively, taking radii

and velocity dispersion within 1 Mpc for the volumetric sample, and using all

member radii and velocities for the FoF sample.

3.3.4 Radii

At constant density it is easy to see that the mass and radius of groups are

related by M ∝ r3. We initially examined a number of different estimates for the

projected group radius, such as the half-light radius and harmonic mean radius,

finding little difference in their behaviour. We use the root mean square radius,

rrms, of the group galaxies.

For the FoF sample, rrms is simply the RMS radius of all the linked group

galaxies. For the volumetric sample we use all velocity-selected galaxies within

the 1 Mpc cone. Each galaxy is again weighted by its local completeness. This

estimator ignores the expected background contamination, since we have no way

of knowing exactly which galaxies are interlopers. Since the distribution of inter-

lopers should be fairly uniform, we expect that this will bias estimated radii to
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larger values. When applied to a volumetric sample, both this bias and the use

of an aperture turn out to be serious flaws for this mass proxy.

3.4 Statistical analysis

Our aim is to calibrate the relationship between system mass and each of our mass

proxies, and to examine the statistical performance of each method. In each case

we evaluate the strength of correlations using the Spearman Rank correlation

coefficient, and fit the mass-proxy relations with power laws of the form

log10

(
M500

1014M�

)
= α log10

(
x

x0

)
+ β , (3.17)

where M500 is the X-ray determined mass and x is the relevant observable. To

reduce correlation between the fitted slope and intercept we pivot the fit about

1014M� and x0 = x̄.

3.4.1 Regression Methods

To avoid arriving at biased estimates of calibrated relations it is important to

use the most appropriate regression method. Different methods make different

assumptions regarding the dependent and independent variables and optimise

scatter differently. These differences may result in biased estimates of any rela-

tion.

To explore this, we examine the performance of two different techniques which

have been widely used – the frequentist BCES regression methods [Akritas and

Bershady, 1996] and the Bayesian fitting approach of Kelly [2007] – and compare
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them with a generative modelling technique of our own.

The BCES estimators are a general extension of the ordinary least squares

estimator capable of accounting for intrinsic scatter and measurement errors in

both axes. A number of forms of BCES are available: (Y|X) and (X|Y) regression

which distinguish dependent and independent variables, and symmetric bisector

and orthogonal techniques.

The Kelly [2007] estimator is a Bayesian linear regression estimator that mod-

els the mass-proxy relation, stressing the importance of correctly handling sta-

tistical errors. The method not only determines the optimum regression line but

also provides an estimate of the intrinsic scatter in the relation.

The generative fitting method attempts to model the statistics of the process

that produces measured mass and proxy values. The procedure is similar to some

of the methods discussed in Hogg et al. [2010]; it is also similar in spirit, if not

in detail, to the method of Kelly [2007]. However, whilst Kelly [2007] assumes an

‘independent’ variable upon which the ‘dependent’ second variable is conditioned,

our generative model treats the two variables symmetrically. Further details of

the generative fitting method can be found in Appendix A of the submitted paper

with code available at https://github.com/farr/galmassproxy.

To decide which of these methods is the best method to use we generate an

ensemble of mock mass-proxy datasets using a generative model and, through ap-

plication of each fitting method, evaluate their accuracy in recovering the input

relation. Our aim is to use a regression with the least biased slope, allowing, on

average, accurate masses be recovered from a mass-proxy relation. Alternatively,

we could optimise to a relation that recovers the lowest intrinsic scatter. Due to

the sample size, we expect statistical errors and errors on the calibration to con-
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tribute significantly to the scatter, therefore we prioritise recovering an unbiased

relation over minimising the intrinsic scatter about that relation.

Each mock dataset consists of 22 mass values drawn from a log-uniform dis-

tribution with 13 . log10(M/M�) . 15. We assume a mass-proxy relation as per

Equation (3.17) with slope α = 0.8 and intercept β = 5. From this, proxy values

are found as

log10(x) = 1/α log10(M)− β/α +N(0, σint),

where N(0, σint) models intrinsic scatter in the proxy about the relation, assuming

proxies are scattered as a Gaussian of width σint = 0.3 dex. The final step of

constructing the mock dataset is to add statistical errors. To do this we rank both

mock and observed mass-proxy pairs by mass and match them. The mock data

are then assigned errors in mass and proxy based on the corresponding errors in

the observational sample, where the proxy errors are drawn from the volumetric

σ3 proxy.

Each of the regression techniques are applied to the mass-proxy data for all

200 datasets. We collect the estimated slopes from each ensemble and determine

the mean slope and standard error on this mean for each regression method. The

results in Table 3.2 show that all methods apart from the frequentist BCES(X|Y)

estimator return slopes which exhibit significant bias relative to the input value

of 0.8.

Given these results, we adopt the BCES(X|Y) estimator to fit the mass-proxy

calibration relations used for the remainder of this study.
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Table 3.2: Results of regression tests — recovered slopes and their standard errors
for each regression method.

Method Mean Recovered Slope
Input 0.8
BCES(Y|X) 0.686± 0.005
BCES(X|Y) 0.808± 0.007
BCES(Bi) 0.745± 0.006
BCES(Orth) 0.727± 0.006
Kelly 0.687± 0.005
Generative 0.730± 0.008

3.4.2 Errors and Scatter Analysis

Measurement errors on masses are taken from the studies of S09 and SP10. Sta-

tistical errors on the proxies are derived in one of two ways. For the richness

proxy, we simply assume Poisson noise on galaxy number counts. All other val-

ues have errors defined by a 68% confidence interval from a bootstrap analysis.

For each group, and without redefining the galaxy selection (i.e. we do not repeat

the FoF analysis), we resample from its input galaxy catalogue a new, random

set of galaxies, with replacement, of equal size to the original. We then repeat

our analysis to determine a revised set of mass proxies. This is performed 1000

times for each group, allowing a distribution of proxy values to be found.

We report all errors and scatter estimates as fractional errors in dex, where the

statistical errors on each group are converted to dex1 using σlog x = σx/ ln(10)x.

Errors on our fitted calibration parameters are derived by bootstrap resampling

from the group mass-proxy pairs. The resulting fits are presented in Table 3.3.

We illustrate the error on our fits as the shaded regions on Figures 3.2 and

3.3. At each point along the proxy axis we calculate a mass distribution using

1E.g. 0.1 dex is a factor of 100.1
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the spread of calibration parameters from the bootstrap resampling. The error

region is then a 68 percentile contour in mass about the regression line.

One aim of this work is to explore the statistical performance of these mass

proxies. We approach this by attempting to quantify the minimum error one

would see if applying these relations to perfect data. That is, assuming no mea-

surement error on a given proxy, how much uncertainty in a mass estimate would

be introduced by the intrinsic scatter about these relations and the uncertainty

in our calibration?

We estimate intrinsic scatter as

σ2
logM,int = σ2

logM,tot

− σ2
logM,stat − α2σ2

log x,stat , (3.18)

where σlogM,tot is the total fractional scatter in mass observed about the relation

(i.e. the RMS fractional residuals) and σlogM,stat the mean fractional statistical

error in the mass (0.08 dex). The term α2σlog x,stat accounts for the additional

scatter in mass about the relation introduced by the statistical scatter of the proxy

and propagated into the intrinsic scatter as σ2
logM = (d log10(M)/d log10(x))2σ2

log x.

The mean uncertainty in mass introduced by the calibration is found by

σ2
logM,cal =

1

N

N∑
i

[(
log10

(
xi
x0

)
σα

)2

+ σ2
β + 2 log10

(
xi
x0

)
Cov(α, β)

]
, (3.19)

where Cov(α, β) is the covariance of the relation parameters, accounting for any

correlation in the errors. The sum σ2
logM,sys = σ2

logM,int + σ2
logM,cal gives the
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minimum fractional variance in mass one would expect for a given proxy. Our

scatter analysis is also summarised in Table 3.3.

3.5 Results and Discussion

In this section we present the main results of this investigation. Using the statis-

tical techniques described in the previous section, we calibrate each mass-proxy

relation and examine its statistical performance. Where possible we also make

comparisons with theoretical expectations to try to better understand these re-

lations.
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Richness and Luminosity Proxies (Section 3.5.1)
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Number and Luminosity Overdensity Proxies (Section 3.5.2)
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Figure 3.2: X-ray M500 plotted against from left to right, top to bottom, Richness, Luminosity, Number Overdensity
and Luminosity Overdensity mass proxies. Alternating plots show results for the volumetric and FoF sample. Blue
points are from the S09 sample, red points from the SP10 group and cluster samples respectively (see Table 3.1).
The solid lines and shaded regions show the BCES(X|Y) regressions and a 68% percentile contour region drawn from
the distribution of bootstrapped fit results.
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Dynamical Proxies (Section 3.5.3)
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Radial Proxies (Section 3.5.4)
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Figure 3.3: As Figure 3.2 with, from left to right, top to bottom, rrmsσ
2 Dynamical, σ3 Dynamical and rrms radius

mass proxies. For the dynamical estimators (top row), groups with a large fraction of central galaxies with ‘cloned’
redshifts (see §3.2.2) are shown by triangular points.
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3.5.1 Richness and Luminosity

The top row of Figure 3.2 shows the results of the richness and luminosity proxies,

with fit estimates in Table 3.3. We find that for both galaxy selection methods

these mass proxies are highly correlated with M500 with a low degree of scatter

about the regression.

Comparing the volumetric Ñ1Mpc against the literature, we note that Budzyn-

ski et al. [2012] compute a similar relation for high mass clusters (M500 > 1013.7 M�)

and find that M500 ∝ N1.4±0.1
1Mpc . This relation is shallower than ours, though it is

(just) consistent within our 1σ error. Conversely, our FoF result is consistent with

a 1:1 relation between mass and richness as one would expect if star formation

efficiency and galaxy luminosity function were independent of halo mass.

Likewise, we compare the L1Mpc result to the result of Popesso et al. [2007]

who find a L200 − M200 relation with a slope of 0.92 ± 0.03. Converting this

to a M500 − L1Mpc relation using the NFW model discussed below gives a slope

of ∼ 1.5, which is well within our estimated error. As with FoF richness, the

FoF luminosity is also consistent with a slope of unity. A noticeable kink in

the volumetric mass-luminosity data is apparent at ∼ 1014 M�. There is some

indication of a similar feature in a number of the other mass-proxy relations,

though as it is not seen in any proxy-proxy relation and given the limited sample

size it is hard to be confident of its reality.

We note from Table 3.3 that there is a significant difference between the

slopes of the volumetric and FoF samples, indicating that, as one would expect,

selection plays a significant role. This difference can be plausibly attributed to

the use of a 1 Mpc aperture for the volumetric sample. For example, at low mass,
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where r500 � 1Mpc this would result in recovering N1Mpc > N500, and similarly

recovering N1Mpc < N500 at high mass. Conversely, a friends-of-friends analysis

should link galaxies together in a way that scales with the size of the group.

Hence we expect the volumetric scaling relations to be steeper.

To investigate further, we construct a simple analytic model. We assume that

galaxies are distributed as an NFW with a concentration half that of the dark

matter [Budzynski et al., 2012], and take the dark matter concentration from the

mass-concentration relation derived from simulations of relaxed halos by Duffy

et al. [2008]:

c200 = 6.71± 0.12

(
M200

2× 1014h−1M�

)−0.091

(1 + z)−0.44. (3.20)

We assume z = 0.05, close to the mean of our sample, and find that including

scatter in mass-concentration relation has a negligible impact on our results, so

we do not include it. We then model the aperture richness Nap as,

Nap =

∫ 1Mpc

0

2πrΣ(r, rs(M200))dr , (3.21)

where Σ is the projected NFW from equation (3.8) and rs = 2r200/c200. We then

calculate Nap for a set of equally spaced log M200 values in the range 12.5 .

log10(M200/M�) . 15.5. We also convert each M200 to M500 using the 3D NFW,

equation (3.7), and concentration c200.

Applying a BCES (X|Y) regression to the resulting points in the M500 - Nap

plane gives a slope of 1.42±0.02. This is shallower than our observational result,

though marginally within the errors. Whilst the effect of an aperture does indeed
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appear to steepen the relation, this suggests that a second effect may be at work.

A possible second source of discrepancy could be variation of star formation

efficiency as a function of halo mass [see, e.g. Behroozi et al., 2010; Budzynski

et al., 2014; Leauthaud et al., 2012; Moster et al., 2010]. This would boost the

stellar mass in lower mass halos relative to those of higher mass. Using the

Budzynski et al. [2014] stellar mass fraction-M500 relation, and comparing it to a

global stellar mass fraction from the SDSS, Ω∗ = 1.9× 10−3 [Panter et al., 2007],

we find that this scales our model to give a M500 – Nap slope of 1.67±0.03 – close

to our observed relations for aperture richness and luminosity.

We can cast these two effects into two bias factors, CN = Nap/N500 and

C∗ = f∗/f̄∗ where f̄∗ = Ω∗/Ωm. In Figure 3.4 we show the magnitude of these

bias factors as a function of N1Mpc.

Unlike the volumetric sample, the richness and luminosity proxies for the FoF

sample require no aperture correction. We attempt instead to correct Nfof and

Lfof for star formation efficiency only. Scaling for C∗ brings the observed slopes

down to 0.92 ± 0.10 and 0.96 ± 0.11 respectively, both consistent with, though

rather lower than, the expected slope of unity. We also note that even without

this factor, both FoF selected proxies are already consistent with unity. This may

relate to the nature of the FoF algorithm used. As we will discuss in §3.6, we

believe that this is rather overgenerous in terms of linking galaxies together. If

this effect is stronger for higher mass systems it would lead to some flattening of

the observed mass-proxy relation.

We perform one final check on our data by examining the luminosity-richness

relation for our sample. Popesso et al. [2007] found luminosity and richness to

be well correlated, with a slope of 1.00± 0.03. Whilst we use a slightly different
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Figure 3.4: Modelled bias factors and best fit curves. These are required to rescale
Ñ1Mpc to N500 (CN , red, solid line) and to account for variation in star formation
efficiency (C∗, green, dotted line). The combined scale factors, (CNC∗) are shown
as the blue, dashed line.

definition of both group richness and luminosity, we also find (Figure 3.5) that

they are strongly correlated (Spearman rank correlations of 0.94 and 0.99 for

volumetric and FoF samples respectively). BCES orthogonal regression slopes

are 0.97+0.08
−0.07 and 0.98 ± 0.03 for our two selection methods, both in excellent

agreement with each other and consistent with the Popesso et al. [2007] result.

This suggests that there is no systematic trend in mean galaxy luminosity with

system mass within our sample.
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Figure 3.5: Left: background subtracted optical luminosity against richness
within 1 Mpc, Right: Total FoF luminosity against FoF richness. Colour coding
is as for Figure 3.2.

3.5.2 Overdensity

The second row of Figure 3.2 shows the observational results of the number and

luminosity based overdensity analyses, with fit parameters given in Table 3.3. The

number overdensity mass proxy performs well, exhibiting a strong correlation with

mass and the lowest levels of intrinsic and calibration scatter for both volumetric

and FoF selected groups. However, it also has the largest statistical errors on the

measured proxy value.

As this proxy provides a direct measure of group mass, we would expect the

mass-proxy relation to have a slope of unity. We observe however that whilst

our overdensity masses are broadly consistent with X-ray masses, the slope of the

relation is significantly steeper than unity. We find that the slope of the number

overdensity relation is steeper than unity, implying that there is a mass dependent

bias in the measured overdensities. A similar, though slightly less significant, bias

101



is observed for the luminosity overdensity. The reduced bias for luminosity may

be due to its reduced sensitivity to the faint end slope of the luminosity function.

A fundamental assumption in the use of the galaxy (and galaxy luminosity)

overdensity is that galaxies are a perfect tracer of the underlying dark matter. As

noted previously however, it is well known that galaxy density profiles have con-

centrations different to that of their dark matter counterparts [see, e.g. Budzynski

et al., 2012; Hansen et al., 2005]. However, this would be expected to make only

a minor difference to the integrated galaxy density within r500. More significant

is likely to be the bias discussed in Section 3.5.1, which would arise from halo

mass dependence in the efficiency of star formation. Some bias may also be in-

troduced by the comparison between our observed mean density and the global

mean density, which incoprorates an assumption about the stellar mass-to-light

ratio.

It is well known that clusters and groups have different stellar mass-to-light

ratios compared to the universe as a whole, a property that varies with the scale of

the system [see, e.g. Davis et al., 1980; Ostriker et al., 1974]. We investigate this

briefly here using the colour-dependent mass-to-light ratio of Bell et al. [2003],

log10(M/Lr) = −0.306 + 1.097(g − r) − 0.1 [see also Budzynski et al., 2014].

Using the g and r absolute magnitudes from the NYU-VAGC catalogues from

which our sample was drawn in section 3.2, we find that the mean mass-to-light

ratio of the global sample in the range Mr < −19 and 0.01 ≤ z ≤ 0.1 is 2.8.

Repeating this for our clusters, using galaxies projected within 1 Mpc, we find a

mean mass-to-light ratio of 3.7. This implies that our overdensity analysis would

systematically underestimate the overdensity of haloes by a factor of 1.3. In

practice, the mass-to-light ratio of clusters varies with halo mass [e.g. Budzynski
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et al., 2014] so we also estimate the mass-to-light ratio of our groups in mass

bins split at group masses of M = 7.5 × 1013 M� and M = 2 × 1014 M�. We

do not see any substantial change with group mass (mean mass-to-light values of

3.6, 3.6 and 3.8 respectively) so we adopt the mean factor above. This translates

to underestimating masses by ∼ 1.5, bringing our relation into agreement with

expectations at high mass (∼ 1015M�). However, as this correction is mass

independent it will have no effect on the measured slope.

As with Section 3.5.1, we again look to variation in star formation efficiency

(SFE) and the consequent stellar mass fraction of halos as an effect that will

modify the slope of our observed relation. This is also established to be different

in groups and clusters compared to global values [see, e.g. Behroozi et al.,

2010; Budzynski et al., 2014; Leauthaud et al., 2012; Moster et al., 2010]. It is

also known to be mass dependent [e.g. Budzynski et al., 2014; Leauthaud et al.,

2012], such that low mass halos have significantly higher stellar mass fractions

compared to high mass systems, which are considerably closer to the global value.

A halo with higher SFE will have a higher density of galaxies and light than might

be expected for its mass overdensity (ignoring galaxy mergers). A correction for

this would involve scaling the modelled halo densities by a factor that would

allow a correct comparison to the global density. We define such a factor as

CO = f∗(M500)/f̄∗ where log10(f∗(M500)) = −0.11 log10(M500/3× 1014M�)− 2.04

[Budzynski et al., 2014] and f̄∗ = Ω∗/Ωm. Again, we use Ω∗ = 1.9× 10−3 derived

from the SDSS [Panter et al., 2007].

Applying a correction for both a variable SFE and the difference between

global and cluster mass-to-light ratios, we find that the overdensity mass – X-ray

mass relations are consistent with our expectations. A richness based overdensity
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recovers slopes of 1.12+0.14
−0.18 and 1.01 ± 0.10 for the volumetric and FoF samples

respectively, with no significant bias in normalisation. Luminosity similarly is

corrected to a slope of 0.99+0.13
−0.16 (volumetric) and 0.96+0.13

−0.14 (FoF). Given that

we now understand the discrepancy between observations and expectations, we

believe that it is safe to simply calibrate the uncorrected overdensity mass-X-ray

mass relation.

3.5.3 Dynamical Mass

Results for the dynamical mass estimators are shown in the first row of Figure 3.3

and in Table 3.3. The 9 groups for which there is a central population of galaxies

with cloned redshifts due to fibre collisions, as discussed in Section 3.2.2, are

flagged in these Figures, but do not appear to be systematically offset. Excluding

these systems from the fit results in only modest changes to the fitted slope (to

α = 1.42 and 1.07 for the volumetric rrmsσ
2 and σ3 relations respectively). These

changes lie well within the statistical errors, and we therefore retain the affected

systems in our analysis.

Whilst the two proxies for both selection methods appear well correlated with

the X-ray masses, they also show a large amount of scatter compared to some of

our other mass estimators. From the Virial Theorem we expect these estimators

to scale linearly with mass. We find that all but the volumetric rrmsσ
2 estimator

are consistent with this expectation at the 1σ level. Given the highly discrepant

behaviour of the rrms proxy for the volumetric sample (discussed in §3.5.4), the

behaviour of the rrmsσ
2 mass proxy is not surprising.

We note that our three good dynamical estimators – two FoF and one volu-
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metric – have mass-proxy slopes which are consistent with each other, indicating

that the extracted velocity dispersion is quite robust against the treatment of in-

terlopers and the use of apertures. We also see no strong indication of the biased

velocity dispersions at low mass suggested by previous work [e.g. Osmond and

Ponman, 2004]. However, we note that our sample has been selected to be X-ray

bright and morphologically relaxed, whilst the Osmond and Ponman [2004] study

involved a more diverse set of galaxy groups.

3.5.4 Radii

The observed RMS radius-mass relation is shown in the second row of Figure

3.3, with fit parameters in Table 3.3. Based on M ∝ r3 at constant density (in

this case, overdensity) we would expect the mass-radius relation to be have a

slope of 3. We instead find that the relation for the volumetric sample is much

steeper, whilst the slope for the FoF sample is somewhat shallower than expected

by almost 2σ. This mass proxy is the worst performing of those discussed in this

paper, with statistical errors large enough to prohibit the determination of the

intrinsic scatter in mass for the volumetric sample, and the largest final systematic

error for the FoF sample.

The difference in the fitted relations between the volumetric and FoF selection

methods is likely to be due to the use of a metric aperture for the volumetric

sample, coupled with the impact of interlopers. Interlopers, due to their uniform

distribution, would be expected to increase the measured RMS radii, especially for

poorer groups, steepening the observed slope. At the same time, the imposition of

an aperture sets an upper limit to the radius. The result is a very small dynamic
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range in rrms, as can be seen in the bottom left panel of Figure 3.3.

To investigate these effects we construct a model to probabilistically sample

projected NFW models, constructing halos of a given richness, and estimating

their rrms radii. We base our approach on the method Budzynski et al. [2012]

used to estimate mass completeness. We first estimate the number of galaxies

contributed by a halo of a given mass using our observed mass-aperture richness

relation. This relation is calibrated to recover galaxies brighter than a fixed ab-

solute magnitude, Ñ1Mpc, whilst we require the number of galaxies that would

actually be observed at some specific redshift, N1Mpc. We account for this by re-

moving the correction given by equation (3.5), adopting a redshift of z = 0.05 for

our simulated group. A projected NFW with a galaxy concentration as described

in section 3.5.1 is then normalised to recover this halo richness. We add a back-

ground term to introduce interloper contamination and integrate the combined

normalised NFW and interloper density profile within our aperture to estimate

the ‘observed’ aperture richness.

To probabilistically construct a group with a halo of given mass, we draw the

desired number of galaxies (N) from a Poisson distribution using the estimated

richness as the mean. We then draw N − 1 radii from the projected NFW likeli-

hood function, Equation (3.11), and add a single galaxy to the centre for the BGG.

We generate 50,000 such simulated groups uniformly spanning the mass range

12.5 ≤ log10(M200/M�) ≤ 15.5. We generate our simulations for two scenarios:

one where we include no interloper contamination, and one where we assume an

interloper population with galaxy number density (1.0±0.3)×10−6 kpc−2, based

on the mean background measured by our overdensity method (Section 3.5.2).

Finally we bin these these two sets of 50,000 randomisations into bins of 0.1

106



dex in mass. The resulting mass-radius relations are shown in Figure 3.6. The

small dynamic range in rrms is similar to that seen in Figure 3.3, and power law

fits to the sample including interlopers gives a slope of 27.4 ± 1.1 – far steeper

than the naive expected value of 3. It can be seen that the inclusion of an in-

terloper population does affect the recovered slope, especially in the lower mass

regime where the ‘clean’ sample diverges significantly from the interloper con-

taminated model. However, the clean sample also appears to approach a slope

of 3 at low rrms, equivalent to groups with r500 � 1 Mpc. Our conclusion is

that both interlopers and aperture effects play a significant role in biasing this

relation, with interlopers dominating at low masses, increasing the RMS radius

of a group, whilst the aperture dominates at high masses where it truncates the

galaxy distribution, reducing the RMS radius. Ultimately, the derived radius for

the volumetric selection is biased to the point where we observe a near constant

rrms, making it unsuitable for use as a mass proxy. As an aperture is not used

for the FoF sample, interloper contamination will be the main source of bias at

all masses.

3.5.5 Uncorrected effects

Throughout this section we have discussed mass dependent biases that can be

introduced by failing to take into account properties of the sample selection (such

as aperture effects) or of the groups themselves (such as variation in star formation

efficiency). We have not, however, discussed the possible biases introduced by

assumptions we have made. The most important is the implicit assumption,

at various points in our analysis, of a universal galaxy luminosity function. In
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Figure 3.6: Red: Modelled rrms radius including the interloper contamination.
Blue: Modelled rrms radius not including the interloper contamination.

practice, it has been observed [e.g. Hansen et al., 2005; Robotham et al., 2006,

2010; Zandivarez and Mart́ınez, 2011] that the group luminosity function varies as

a function of halo mass, becoming similar to the global galaxy luminosity function

at low mass. As we use a single luminosity function for completeness correction,

this has the potential to bias low mass systems whose luminosity function differs

significantly from the Popesso et al. cluster luminosity function used. This will

affect both luminosity and richness estimators and will be a larger effect for cases

where a significant degree of extrapolation is required, i.e. at higher redshift.

Whilst we do not attempt to correct for this, under the assumption that low mass
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groups more closely resemble the field (i.e. global) luminosity function of Blanton

et al. [2003], we can examine the degree of overcorrection that extrapolating with

an inappropriate luminosity function can cause as a function of redshift. This is

shown in Figure 3.7.

These differences are caused by the cluster luminosity function featuring a

brighter turnover magnitude than the field (M∗ − 5 log10 h = −21.35 [Popesso

et al., 2005] rather than −20.44 [Blanton et al., 2003]) and a steeper faint end

slope (α = −1.30 compared to −1.05). When little extrapolation is required

(at low redshift where only a small portion of the faint end is lost due to the

survey limit), the low luminosities of galaxies below the survey flux limit result

in little discrepancy between a cluster- and field-based luminosity correction,

whilst their greater abundance in the field results in a cluster based richness

correction underestimating rescale factors by ∼ 10%. Both factors converge to

no discrepancy at z ≈ 0.015 where the limiting magnitude is comparable to our

adopted magnitude limit of Mr = −16.5. Conversely, at higher redshifts where it

is necessary to extrapolate from near M∗ (Mcut ≈ −20.8 at z = 0.1), the excess of

bright galaxies from the cluster luminosity function cause both the number and

luminosity corrections to rise.

Hence, if our low mass groups have luminosity functions similar to the field,

then attempting to correct them for incompleteness in faint galaxies using a clus-

ter luminosity function will have two main effects as a function of redshift. At low

redshift the degree of overcorrection will be negligible for a luminosity correction,

rising to > 20% at z = 0.1. Conversely, richness corrections will be underes-

timated by 10 − 20% until z ∼ 0.1 at which point they become overestimated

and continue to rise with increasing redshift. Correcting for these effects would
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normalisation. Left, lower panel: the cumulative number (solid coloured line)
and luminosity (dashed coloured lines) density the luminosity functions above.
The vertical lines illustrate the magnitude we extrapolate to (Mr = −16.5) and
the absolute magnitude corresponding to the flux limit at z = 0.1, Mr = −20.8.
Right: The degree to which a high mass cluster luminosity function would over-
correct the richness and luminosity of a low mass group as a function of redshift.
This assumes that low mass groups have a luminosity function comparable to a
global luminosity function.

require knowledge of the way in which luminosity functions vary as a function of

system mass. In practice, our fitted mass-proxy relations should calibrate out this

effect, at least for the relaxed X-ray bright groups which constitute our sample.

Similarly, we have also not discussed the impact of galaxy mergers, which will

affect the richness and luminosity estimators, as richness is reduced and stars are

stripped to form the intracluster light. If these effects are mass-dependent, we

assume their average effects can be calibrated out in our analysis. However, the

varying merger histories of groups will also introduce scatter into the relevant

mass-proxy relations.

Finally, it is important to emphasize that this study is based on a low redshift
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sample, and apart from inclusion of the redshift dependence of ρcrit (which is small

over the redshift range of our sample) when calculating r500 for our systems, we

do not take into account the evolution of mass proxies with redshift. Redshift

correction of the dynamical and radius estimators is straightforward, and follows

directly from the evolution in ρcrit. The same is true of the overdensity estimators,

provided that evolution in galaxy luminosities is the same in clusters as in the

field. However, we would expect the richness and luminosity mass proxies to

be strongly dependent on the evolution of the galaxy luminosity function within

galaxy groups and clusters. Recent work implies that there may be little evolution

in the mass-richness proxy [Andreon and Congdon, 2014], though as this work

uses a specific subset of galaxies to define richness, the result cannot necessarily

be extrapolated to our richness proxy.

We add a brief comment on the impact of miscentring on this analysis. We

perform a post-analysis check on our volumetric sample, applying the centring

algorithm used to determine the centres of the FoF group sample to the galaxies

within the innermost 1 Mpc. We find that the new centres are offset from our

adopted centres by at least 100 kpc in 13 of our 22 groups. Visually inspecting

the 5 systems with the greatest offset (> 400 kpc) between the NED centre and

our alternative central galaxy, in only one group is the alternative an obvious

improvement. The remaining high-offset systems have either no obvious central

galaxy or the chosen galaxy appears offset from a more obvious centre consis-

tent with the NED centre. Furthermore, re-estimating the mass-proxy relations

for the recentred sample we find minimal differences compared to those estimated

here. The alternative slopes are shallower, and generally show reduced systematic

scatters, compared to the results in Table 3.3. The difference in slopes is small-
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est for the richness and luminosity estimators, though for all proxies, changes in

slopes and systematic scatters are within the 1σ uncertainty presented in Table

3.3. As the the majority of our groups have centring offsets of less than r500,

the 1 Mpc aperture should contain a large number of the same galaxies for ei-

ther centroid used. We would therefore not expect to see a significant difference

for the number and luminosity based relations. However overdensity and radial

based proxies, which rely on the distribution of galaxies, would understandably

be more heavily affected. The difference between group redshifts from NED and

the median redshift within the 1 Mpc cone is within the range given by the ve-

locity dispersion for all but one system, with this group also showing the greatest

change in velocity dispersion. In general, refinements to the group centres have

no significant impact on the conclusions of this study.

3.5.6 Discussion

In general the majority of our proxies exhibit mass-proxy relations that are ei-

ther consistent with theoretical expectations, or for which any discrepancy can

be plausibly explained. The steepened slopes of volumetric aperture richness,

luminosity and RMS radius proxies are consistent with the expected effects of

imposing an aperture, and the behaviour of richness, luminosity and overden-

sity proxies are also influenced by known variations in star formation efficiency.

Our approach is to calibrate out these effects in deriving our proxy-mass scaling

relations.

What do our results suggest is the best mass proxy from the set we have

studied? One reasonable definition of ‘best’ is the proxy which has the smallest
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systematic error (arising from intrinsic population scatter and calibration error).

Reference to the values of σlogM,sys listed in Table 3.3 indicates that this is the

richness overdensity taken from a volumetric sample. This may be the most

reliable estimator when it can be measured to high precision, but it can be seen

from the same table that this also has one of the largest statistical errors (σlog x,stat)

of any of our proxies.

In the absence of a high quality galaxy surface density profile, we find that

a simple richness estimator provides the most reliable result, with ∼ 0.2 dex

(i.e. ∼ 50%) systematic scatter and relatively small statistical errors for galaxy

samples of the size (& 15) used in this study. This is true for both volumetric

and FoF selection methods.

However, we believe that there is substantial benefit in employing not just a

single mass estimator, but a basket of them. We will return to this point in §3.8,

but an indication of the extra information provided by using different mass proxies

in conjunction can be gleaned by examining the residuals about our regression fits

for the different proxies. Specifically, we look for evidence of correlations between

residuals of different proxies, which might, for example, imply that if a group’s

mass is overpredicted by one proxy it will also be overpredicted by another.

Of course, it is self-evident that some proxies will be intrinsically correlated.

For example, richness and luminosity, or the two dynamical estimators. However,

others – such as luminosity and σ3 – would appear to be quite independent of

one another, apart from the relationship of both to system mass. We define

residuals as the log-space difference between a mass predicted by the proxy (x)

and the ‘true’ X-ray mass, Rx = log10(M500(x)) − log10(M500,X), and test for

correlation between residuals from the different mass proxies using the Spearman
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Rank statistic. The results are shown in Table 3.4 for both selection methods with

errors derived from bootstrap resampling our residual estimates. Note however

that the that the RMS radius proxy is intrinsically flawed for volumetric selection.

Surprisingly, the residuals are positively correlated in every case. To consider

what this means, we focus on the correlation between the richness and σ3 mass

estimators. The residuals for these two are correlated with ρ = 0.66+0.19
−0.15 and

0.81+0.05
−0.11 for the FoF and volumetric samples, both of which are significant at

> 95% with errors, again, from a bootstrap analysis. We note that with the

alternative, volumetric group centres the correlations are slightly reduced, though

significant, moderate to strong correlations between residuals are still observed.

We plot the residuals from the fitted, FoF mass-proxy relations for these

two mass estimators in Figure 3.8. Here a group which lies on both calibration

relations would lie at the origin.

The clear correlation between the residuals indicates that for a group in which

the richness proxy produces a mass overestimate (relative to its measured X-ray

mass), the same tends to be true for the dynamical mass estimator, and similarly

for underestimates. The colour coding in the Figure indicates the temperature of

each system, and no correlation between this and location on the plot is apparent.

There are two possibilities: either perturbations from the mean mass relations in

richness and dynamics are related in some way, or there are errors in the X-ray

masses. The latter would induce correlated offsets of the type we observe – a

group with an overestimated X-ray mass would fall in the lower left quadrant,

whilst an X-ray underestimate would move it towards the top right.

The fact that all our varied mass estimators show positively correlated resid-

uals (see Table 3.4) suggests strongly that the X-ray masses are at fault. The
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Figure 3.8: Fractional residuals about the regression lines for the FoF richness
and σ3 dynamical estimators defined as R = log10(M500(x))−log10(M500,X). Bold,
solid lines: the 1σ range due to statistical errors on the measured X-ray masses.
Dotted lines: 1σ range due to the statistical errors on the mass proxies, intrinsic
scatter in the relation and calibration errors added in quadrature. Each datapoint
is coloured according to its X-ray mass, with blue ∼ 1013 M� and red ∼ 1015 M�.

alternative would be some sort of conspiracy between the whole set of mass prox-

ies to perturb together. Of course there are statistical errors on the X-ray mass

measurements, and the effect of these is shown (diagonal bars) in the Figure.

These would introduce some elongation of the distribution in the direction ob-

served, but it is clear that in about a third of the systems these statistical errors

cannot explain the magnitude of their offset from the centre. So, there is evidence

here for errors in the X-ray derived masses, over and above the estimated statisti-
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cal errors, in a significant subset of our group sample. For the worst cases, errors

in the X-ray mass of a factor of two or more (in both directions) are implied.

The dotted error bars on the plot, in the x and y directions represent estimates

of the error on the proxy mass arising from a combination of the measurement

error in the proxy quantity, the calibration error in converting it to a mass and

our estimate of the intrinsic scatter in the proxy value across the population (see

§3.4.2). It is immediately apparent that these error bars are far too large – i.e.

they are inconsistent with the observed scatter in the data. Table 3.3 shows

that this error bar is dominated by the estimated contribution (σlogM,int) from

scatter in the population. This in turn has been estimated (Equation 3.18) by

subtracting the expected X-ray mass error and the propagated error in the proxy

measurement from the observed scatter in mass about the regression relation. If

there are offsets in the X-ray masses over and above their statistical errors, which

it appears that there are, then σlogM,int will be overestimated. It seems clear that

this is the case.

Our analysis thus far has made use of X-ray masses derived from a hydro-

static mass analysis. However, a simpler X-ray mass estimate can be derived

from the mean X-ray temperature, using a mass-temperature relation. We have

checked that the overall picture seen in Figure 3.8 remains unchanged if such

temperature-based masses are used. The most discrepant groups in the Figure,

remain similarly offset with the alternative X-ray masses.
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3.6 Mock groups

The results presented above are derived from a sample of relaxed X-ray bright

systems. In practice, it would be very useful to have mass estimates for a wider

range of groups, such as is generated by optical selection from a galaxy redshift

survey. However, we have no such optically selected group sample for which

robust mass estimates are available against which to compare our mass proxies.

We therefore turn to simulations.

Applying our mass proxies to a set of groups and clusters generated from

simulations, we have the advantage of a known halo mass that is independent

of any X-ray selection biases. An additional advantage is availability of a larger

sample size. On the other hand, conclusions drawn from simulated systems may

be strongly affected by the assumptions and tuning which are incorporated into

the simulated galaxy/group population.

For this study we make use of the mock galaxy catalogues generated for use by

the GAMA consortium. The Galaxy And Mass Assembly [GAMA, Driver et al.,

2011; Merson et al., 2013; Robotham et al., 2011] project aims to use a broad

range of multi-wavelength observations to study cosmology and the formation

and evolution of galaxies. The optical component of this project is a medium-

deep galaxy redshift survey conducted by AAOmega multi-object spectrograph

at the Anglo-Australian Observatory. Covering ∼ 250 deg2 of the sky, the GAMA

project has spectroscopy for over 300,000 galaxies to mr < 19.8.

A FoF analysis was conducted by Robotham et al. [2011] to identify galaxy

groups within the survey. To support this analysis, a series of mock lightcones

[Merson et al., 2013] were generated using the Millennium simulation [Springel
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et al., 2005] populated with a semi-analytic galaxy formation model [Bower et al.,

2006]. The galaxy luminosity functions of the mocks were adjusted to precisely

mimic the observed r-band redshift dependent GAMA galaxy luminosity function

of Loveday et al. [2012]. These mocks cover∼ 144 deg2 in three 4×12 deg2 regions,

mimicking the original GAMA-I equatorial fields [Driver et al., 2011].

From these lightcones we select group galaxies using the methodology de-

scribed in Section 3.2.2. We cut the initial galaxy catalogue to mr ≤ 17.5 to

match our observational sample. Our volumetric group sample is then extracted

from this catalogue, centring each extracted cylinder at the position of the orig-

inal Robotham et al. [2011] GAMA FoF groups containing 10 or more galaxies.

In addition, we run our implementation of the E04 FoF algorithm on the mock

galaxy catalogue to construct a FoF group sample, retaining only groups with at

least 10 members. We define the dominant group halo as the dark matter halo

that contributes the most galaxies to either the initial GAMA FoF group (in the

case of the volumetric sample) or to our FoF group for the FoF group sample.

The mass of this halo is taken to be the true mass of the group. These masses,

originally MDhalo [Jiang et al., 2014], have been converted to our cosmology and to

M500 using a mass dependent scaling of M500 = 100.34M0.96
Dhalo. This conversion was

derived from a set of median halo masses at z = 0 for the Millennium-I cosmology

[Jiang et al., 2014]. To be comparable to our observational sample we restrict the

redshift range of the mock sample to 0.01 ≤ z ≤ 0.1 and only consider groups

with M500 ≥ 1013 M�. The final simulated volumetric and FoF group samples

consist of 179 and 313 groups respectively across 9 mock realisations, a significant

improvement in sample size relative to our observational sample.

The larger number of FoF groups, compared to volumetric ones, results from
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the fact that our FoF algorithm is more generous in linking galaxies than that

of Robotham et al. [2011], as discussed below. These mock groups have halo

M500 ranging from ∼ 1013M� to ∼ 4× 1014M�. This upper mass is considerably

lower than the highest mass cluster in the observational sample (Abell 2142 with

M500 ∼ 1.3 × 1015 M�) due to the larger volume probed by the X-ray + SDSS

sample, compared to the GAMA mocks.

Considering briefly the performance of our FoF algorithm, it is clear that it

recovers a greater number of FoF groups than the GAMA algorithm. As we dis-

cussed in §3.2.2, our algorithm is essentially that developed by Eke et al. [2004]

to generate the 2PIGG group catalogue from the 2dF galaxy redshift survey.

Conversely, the GAMA FoF algorithm has been carefully tuned on the GAMA

mocks to optimise the fidelity of the grouping. The performance of the 2PIGG

algorithm was examined by Robotham et al. [2010] finding that the 2PIGG al-

gorithm was generous in terms of linking together subgroups. By application to

the GAMA mocks we similarly find that the 2PIGG algorithm generously links

together neighbouring structures. Indeed, 18% of groups have more than 50%

contamination (i.e. of the linked members, less than half belong to the dominant

halo), whereas this figure is only 10% for GAMA FoF groups. As the 2PIGG

algorithm is more generous, we find it recovers a high fraction of true members,

where 64% of our groups link together more than 90% of the dominant halo’s

galaxies, compared to only 10% of the GAMA FoF groups.

In summary, our algorithm will link most of the true member galaxies, but will

also include a larger interloper fraction. Given that the GAMA galaxy luminosity

function at low redshift is similar to that of SDSS [Loveday et al., 2012], it is

likely that these conclusions are also applicable to the use of our algorithm on
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our SDSS-based observational sample.

In the light of these differences in FoF performance, we have also examined the

performance of our mass proxies on the original GAMA mock FoF catalogue (cut

to our mass, magnitude and redshift range). We find little significant difference to

the results with our own FoF groups, the most notable difference being that the

richness overdensity and σ3 proxies perform closer to theoretical expectations.

For consistency with the observational sample we proceed using our own FoF

selection, with reference to the original GAMA FoF selection where differences

are significant.

3.7 Comparing Results for Observed and Mock

Groups

In this section we discuss the results from the mock groups. We calibrate each

mass-proxy relation, again using BCES (X|Y) regression, with the intention of

examining whether they are consistent with observations. We do not attempt

to bootstrap proxy errors for the mock groups. Instead, as we have selected

mock groups to be comparable to our observational sample, we approximate the

fractional statistical error in proxy and mass for all mock groups as the root

mean square fractional statistical error in mass and proxy from the observational

sample. Our analysis here is otherwise identical to that of the observational

sample in Section 3.5.
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Richness and Luminosity Proxies (Section 3.7.1)
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Figure 3.9: Mock group halo M500 plotted against, from left to right, top to bottom, Richness, Luminosity, Number
Overdensity and Luminosity Overdensity mass proxies. Alternating plots show results for the volumetric and FoF
sample. Faint red points show all mock groups whilst the blue points show horizontally binned averages and their
standard errors. The red solid lines and shaded regions show the BCES(X|Y) regressions and a 68% percentile
contour region drawn from the distribution of bootstrapped fit results for the mock data. The grey dashed lines and
shaded regions show the same for the observational sample shown in Figure 3.2.
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Dynamical Proxies (Section 3.7.3)
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Radial Proxies (Section 3.7.4)
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Figure 3.10: As Figure 3.9 with, from left to right, top to bottom, rrmsσ
2 Dynamical, σ3 Dynamical and rrms radius.

The grey dashed lines and shaded regions show the same for the observational sample shown in Figure 3.3.
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The Figures in this section follow those of Section 3.5, except that, for com-

parison to the observational sample, we overplot the mock mass – proxy data

with the observational calibration line and error region. To aid in readability

and highlight any trends we additionally bin our mock group’s data. To avoid

any biases introduced by the richness cut in the original GAMA catalogue this

binning is performed horizontally, in log10(M500) slices.

3.7.1 Richness and Luminosity

With Table 3.5 and the top row of Figure 3.9 we find that these GAMA mocks

produce a mass-aperture richness relation that is in good agreement with obser-

vations, whilst the mass-aperture luminosity relation is shallower, but marginally

consistent within the lower bound of the observational result. In general terms,

these slopes are also consistent with the effect of an aperture, though not both

an aperture and star-formation efficiency variation. Conversely, the FoF richness

and luminosity estimators give results discrepant with the observational sample,

both being significantly steeper.

We again consider the richness-luminosity relations, Figure 3.11. We find that

the relation, whilst in good agreement with the observations and expected slope of

1 at high mass, deviates from the power law slope at low mass. Specifically we see

an underluminous population of mock groups at low mass. This is possibly related

to the galaxy formation models’ implementation of satellite galaxy merging where

a satellite galaxy is not resolved in its subhalo [Robotham et al., 2011]. If assigned

too long a merging time, this will result in an excess of faint satellite galaxies in

close orbits of central galaxies or the centre of the halo. This close satellite excess
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will also affect other mass proxies.
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Figure 3.11: As Figure 3.9 with Left: background subtracted optical luminosity
against richness within 1 Mpc, Right: Total FoF luminosity against FoF richness.

3.7.2 Overdensity

As shown in Table 3.5 and the second row of Figure 3.9, we find that the mock

groups have a significantly shallower relation for overdensity masses than that of

both the observed groups and the expectation of unity. This is true regardless of

the selection method. In the case of the observed groups, we concluded that the

steeper than unity slopes could be understood in the light of expected variations

in star formation efficiency with halo mass. Another factor here may be the

previously mentioned anomalies in the radial distribution of galaxies within mock

groups [Han et al., 2014; Robotham et al., 2011].

For comparison, the GAMA FoF selection gives a slope of 0.95+0.12
−0.15 for the

richness overdensity proxy, consistent with unity. Luminosity overdensity is also

steeper for the GAMA FoF sample than for ours, though not significantly, and is
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not consistent with unity.

3.7.3 Dynamical

The results of the rrmsσ
2 and σ3 proxies are also shown in Table 3.5 and in the top

row of Figure 3.10. As with the observational sample, we find that it is difficult to

draw conclusions from the volumetric rrmsσ
2 relation due to the steepness of the

rrms relation (see below). Interestingly, we find that in contrast to the situation

with the observed groups, the two σ3 proxies, are also significantly discrepant

from the expectation of unity slope. For comparison, the GAMA FoF selection

gives a slope for the σ3 proxy of 0.97+0.08
−0.10, consistent with unity.

3.7.4 Radii

Table 3.5 and the second row of Figure 3.10 show the results of the rrms estima-

tor. We first observe that the total scatter on this proxy is substantial for both

selection methods (2.4 dex and 1.1 dex for the volumetric and FoF samples re-

spectively). This makes it difficult to reliably constrain any calibration relation.

Despite this, we find that the volumetric sample, which is again subject to in-

terloper contamination and aperture effects, gives a relation that is steeper than

the already very steep observed relation. The FoF estimator is also significantly

steeper than the observational relation, and also steeper than the expected slope

of 3.
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3.7.5 Summary

In Tables 3.6 and 3.7 we bring together a summary of the comparison between

the mass-proxy relations derived from the observational sample and the mocks,

and a comparison of these with theoretical expectations. The proxies based on

the mocks have relations which differ significantly from observations, with the

exception of the σ3 dynamical estimator, which agrees within the errors on the

observational result. We also note that whilst the radius-mass relation is sig-

nificantly different to the observationally derived relation, due to known issues

with the orbits of satellite galaxies within the mocks [Han et al., 2014; Robotham

et al., 2011], it behaves in a similar fashion, with an extremely steep relation for

the volumetric sample.

The discrepancy for luminosity and overdensity might be explained by a dif-

ference in luminosity function (LF) between that assumed by the mocks and the

observations. The semi-analytic galaxies were adjusted to reproduce a global lu-

minosity function that matches that of the real GAMA fields [Robotham et al.,

2011], however it does not follow that they will reproduce the luminosity function

within groups and clusters. A study by McNaught-Roberts et al. [2014] exam-

ining the luminosity function of different density environments within the real

GAMA fields and the GAMA mocks revealed no significant difference between

simulations and reality. We note however that this study looked at the local

density of each galaxy, rather than classifying galaxies as belonging to groups or

the field.

The small difference between the global luminosity functions measured for

the SDSS [Blanton et al., 2003] and GAMA [Loveday et al., 2012] is unlikely to
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contribute greatly to the unexpectedly flat slope of the Moverdensity-Mhalo relations

for the mocks. A more likely cause is the radial distribution of galaxies in the

mocks. As discussed in Han et al. [2014] [see also Robotham et al., 2011], who

compared mass-observable relations for the GAMA fields and GAMA mocks,

there is tension between the mocks and real data for the relationship between

mass and r50% (the radius containing 50% of a group’s projected galaxies) which

may have its origin in the approximate treatment of dynamical friction within

the semi-analytic model, and consequent inaccuracies in the rate of orbital decay.

This can be expected to modify the relationship with halo mass for both the

overdensity and radius proxies.

Han et al. [2014] also find a systematic bias in the mass-velocity dispersion

relation for the mocks compared to the real groups, again, due to known issues

with the small scale dynamics of the GAMA mocks [Robotham et al., 2011].

This may be the cause of the lower slope in the mock mass-σ3 relation relative to

observation and to theoretical expectations.

Comparing the residuals of predicted masses with respect to the halo mass,

in a similar fashion to that discussed in §3.5.6, we find much weaker correla-

tion between unrelated proxies than was apparent in the observational sample.

For example, the richness and σ3 estimators show a weak, but still significant

(> 95%) correlation (ρ = 0.18+0.07
−0.07 and 0.31+0.06

−0.05 for volumetric and FoF samples

respectively) significantly different to the values of 0.81+0.05
−0.11 and 0.66+0.19

−0.15 seen

observationally. The asymmetry in Figure 3.12 can be compared with that in

the corresponding observational plot, Figure 3.8. The small error range from

the mocks’ bootstrapped correlations agrees with the high level of significance

indicating that the mocks’ residuals behave very differently to those of the obser-
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vational sample, supporting the possibility that this effect is due to excess X-ray

mass errors. The non-zero correlation seen for the mocks may arise from the

effects of interlopers enhancing both richness and velocity dispersion. The fact

that it is stronger in the FoF case, where no correction of richness for background

galaxies has been included, supports this hypothesis.
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Figure 3.12: Fractional residuals about the regression lines for the mock groups’
FoF richness and σ3 dynamical estimators defined as R = log10(M500(x)) −
log10(M500,halo). Each datapoint is coloured according to its halo mass, with
blue ∼ 1013 M� and red ∼ 1015 M�.

Comparing Table 3.5 with Table 3.3, it can be seen that the total scatter,

σlogM,tot, about the mass-proxy relations for the mocks are mostly greater than

the corresponding scatter for the observational sample. This suggests that, as
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expected, we are sampling a more diverse group population in the mocks, in

terms of their dynamics and evolutionary state, compared to the relaxed X-ray

bright systems on which our observational sample is based. This emphasizes

the importance of allowing for selection effects in any study of galaxy groups –

samples selected in different ways can be expected to catch a different mix of

dynamical and evolutionary states.

Finally, we comment briefly on the use of these proxies when the true galaxy

membership is known. Thus far we have analysed the mocks by applying simi-

lar selections processes (volumetric and FoF) to those used on the observational

data. Since our mass-proxy relations have been calibrated on observational data

which will inevitably be contaminated by interlopers, we can expect to find dif-

ferent results for mocks groups if we use the true group membership, which is

available for these simulated systems. Examining mass-proxy relations using the

true galaxy membership can cast light on the fundamental nature of these prox-

ies. Specifically considering the mass-richness relation (scaled to Mr < −16.5)

and the mass-σ3 these fit with BCES (X|Y) slopes of 1.07± 0.03 and 0.81± 0.05

with systematic scatters of 0.13+0.03
−0.02 dex and 0.29 ± 0.03 dex respectively, again

assuming the masses and proxies have statistical errors comparable to the mean

errors from the observational sample. Interestingly, the first relation, whilst sig-

nificantly shallower than the mock mass-richness relations derived earlier, is still

steeper than the expectation of unity by more than 2σ, even in the absence of

aperture effects or FoF selection effects. This is likely related to the way galaxies

populate the halos within the mocks, and to their merger history. Conversely, the

mass-σ3 relation is shallower than unity, as with other mock mass-σ3 relations,

illustrating the known concerns with the dynamics of the mock halos [Han et al.,
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2014; Robotham et al., 2011]. Both relations show smaller systematic scatter

than the corresponding relations with volumetric of FoF selection, indicating the

scattering effects of interlopers.

3.8 Discussion and conclusions

In this paper we have investigated the behaviour of mass proxies based upon

richness, luminosity, galaxy number and luminosity overdensity, characteristic

radii and dynamics. We have applied these estimators to sets of group galaxies

derived in two ways: a σ-clipped cylindrical volume and a Friends-of-Friends

analysis. The mass proxies have been calibrated using masses derived from the X-

ray properties of the hot intragroup gas, and the resulting calibrations compared

with theoretical expectations. The performance of the same mass proxies has

been assessed on a set of mock groups for which true halo masses are known. Our

findings for each proxy are summarised in Tables 3.6 and 3.7. We conclude that:

1. The calibrated relationships between these mass proxies and the X-ray de-

rived masses are consistent with theoretical expectations once aperture ef-

fects and the impact of mass-dependent variations in star formation effi-

ciency are allowed for.

2. The most reliable mass estimate is provided by modelling the galaxy num-

ber density within a 5 Mpc cylinder (i.e. for a volumetric group sample).

This mass proxy exhibits the smallest intrinsic scatter and the joint least

uncertainty introduced by the calibration, resulting in only 0.1 dex (23%)

systematic uncertainty in any final mass estimate. However, for our own
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dataset this proxy also has the largest statistical scatter, and is therefore

only likely to work well where one has high quality galaxy membership data,

such that reliable galaxy density profiles can be fitted.

3. Richness, for either volumetric or FoF selection, is the next best method,

and has the merit of being simple to apply, and working well even for fairly

small galaxy samples. Of course, it is essential that this, and the overdensity

and luminosity proxies, should be corrected for any incompleteness in survey

coverage or spectroscopic observations.

4. Dynamical estimators show larger scatter, with a systematic uncertainty of

& 0.3 dex (& 70%). However, they do have the attractive feature that they

are relatively robust against spectroscopic incompleteness. They may there-

fore become the preferred option for mass estimation where incompleteness

is difficult to quantify. The rrmsσ
2 proxy should be avoided, in favour of

σ3, for volumetric galaxy samples, due to bias in the estimation of rrms.

5. A rrms radial estimator should not be used in cases where a restrictive

aperture has been applied, such as our volumetric selection. It is more

useful in the case of a FoF sample, however the scatter is substantial (0.35

dex, or 81%, systematic uncertainty).

The same set of mass proxies was applied to groups drawn from the mock

galaxy data generated for the GAMA project. We find that in most cases the

mass-proxy relations differ from those for the observational group sample, and

that the scatter of the sample around the mean relationship is greater. This larger

scatter suggests that our mock sample spans a more diverse collection of galaxy
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groups than the relaxed X-ray bright systems which constitute the observational

sample.

This greater diversity in the population might account for some of the dif-

ferences in the mass-proxy relations which we see. However, the discrepancies

between observational and mock samples are most striking for the overdensity

and radius mass proxies, and these are affected by the radial distribution of group

galaxies. This distribution is unreliable in the inner regions of the mock groups,

due to the approximate treatment of orbital decay in the semi-analytic model on

which they are based [Han et al., 2014; Robotham et al., 2011]. The richness,

luminosity and σ3 mass proxies are in better agreement for the observational and

mock samples, though in general the fitted relations do not agree within the 1σ

range.

The estimated systematic error (σlogM,sys) for each mass proxy, shown in the

last column of Table 3.3, is an important quantity. This represents the uncertainty

in the log10(mass) which results for each mass proxy even when the value of the

proxy is precisely known. The low values of this for the overdensity proxies when

applied to the volumetric sample are the basis for our statement above that this

provides the most reliable single mass estimator where high quality galaxy data

are available.

However, our estimate of this systematic error is subject to two opposing

biases. As explained in §3.4.2, this quantity is derived from the observed scatter in

mass about the fitted mass-proxy relation by subtracting the estimated statistical

contributions to this scatter and then adding the variance which arises from

uncertainty in the calibrated power law relation. However, we have seen (§3.5.6)

that for a subset of our observational sample there appear to be errors in the X-
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ray derived masses which exceed their statistical error estimates. Since we have

not allowed for these, this will have inflated our estimates of σlogM,sys. On the

other hand, we may expect the scatter in intrinsic group properties for a group

sample more diverse than our observational sample to be larger, and this would

naturally lead to larger scatter in the relation between true mass and proxy mass

estimates, as we see from our mock sample. On the whole, it is probably best to

regard the systematic error estimates for the mass proxies in Table 3.3 as being

a useful indication, which is likely to be pessimistic for use with relaxed group

samples, but not necessarily when used on a more diverse set of groups.

The diversity in the properties of galaxy groups has been documented by many

authors [e.g. Balogh et al., 2011; Osmond and Ponman, 2004; Rasmussen et al.,

2006; Zabludoff and Mulchaey, 1998]. In the light of this, there are considerable

advantages to employing not just a single mass proxy, but a whole set of them,

since different proxies will be robust against different effects. For example, mass

estimates based on velocity dispersion are likely to be in error for dynamically

disturbed groups which have recently experienced a major merger, whilst an

estimate based on galaxy richness or luminosity should be relatively unaffected.

On the other hand, variations in star formation efficiency, or in the fraction of

stars stripped from galaxies will impact on richness, luminosity and overdensity

estimates, but not on the velocity dispersion or radius proxies. The effects of

orbital decay and merging in old groups will impact on the richness and the fitted

galaxy profile, though the impact on the total overdensity within r500 should be

modest. It would be very interesting to compare the performance of these different

mass proxies across a wide range of groups and clusters with high quality X-ray

data and optical photometry to explore such effects.
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Finally, we remind the reader that the proxy-mass calibrations presented here

are derived from a low redshift sample of relaxed groups and clusters, and should

not be used without modification for systems at significant (z � 0.1) redshifts.

In some cases, the nature of the required modification can be simply predicted

theoretically – for example the velocity dispersion of a virialised system of given

mass should scale as H(z)1/3, where H(z) is the Hubble parameter at redshift z –

but in others (the effects of galaxy luminosity evolution, for example) calibration

on a high redshift sample is really required.
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Chapter 4

GAS ENTROPY IN A SAMPLE

OF OPTICALLY SELECTED

GROUPS

4.1 Introduction

Studies of the hot gas in groups and clusters have demonstrated that this gas

exhibits entropies in excess of self-similar expectations [e.g. Lloyd-Davies et al.,

2000; Ponman et al., 1999]. Determining how, why and when this entropy was

raised is essential to better understand galaxy formation and evolution. For

example, many of the processes that have been proposed to raise entropy are also

implicated in maintaining the hot gas reservoir and preventing runaway cooling

of gas into stars (the cooling catastrophe).

Early models suggested that entropy had been injected into the intracluster

medium (ICM) prior to the full collapse of the halo [Evrard and Henry, 1991;
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Kaiser, 1991]. Proposed sources of entropy include supernova feedback and active-

galactic nuclei [Lloyd-Davies et al., 2000; Tozzi and Norman, 2001; Wu et al.,

2000]. Due to the smaller potential wells of groups compared to massive clusters,

the entropy injected into gas at group scales can be significant compared to the

entropy accrued during halo assembly. Alternatives, such as cooling flows, which

will preferentially cool low entropy gas into stars, raising the mean ICM entropy

[see, e.g. Bryan, 2000; Voit and Bryan, 2001], have also been proposed.

Hydrodynamical simulations have explored the evolution of gas within group

and cluster halos, examining the effect of the various proposed feedback models

[e.g. the OverWhelmingly Large Simulations project, OWLS, Schaye et al.,

2010]. Conclusions [e.g. McCarthy et al., 2010, 2011] suggest the observed entropy

distribution is due to the pre-heating of gas by AGN feedback. The models used

in these simulations also predict a distribution of central entropies broader than

currently observed, where known X-ray groups and clusters populate the low

entropy portion of the distribution. As a population of high entropy groups would

have suppressed X-ray luminosity, they would be unlikely to appear in a typical

X-ray selection where samples are constructed based on their X-ray properties,

such as the group X-ray luminosity. To observe a high entropy population of

galaxy groups, the group sample needs to be constructed independently of the

X-ray properties.

In this chapter we select an optical sample of galaxy groups from the Galaxy

And Mass Assembly [GAMA, Driver et al., 2011] project’s Friends-of-Friends

group catalogue [Robotham et al., 2011]. Despite being insensitive to any X-

ray selection effects, optically selected samples can be affected by other selection

effects, such as identified groups merely being chance alignments or are halos that
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have yet to fully collapse. Selecting an uncollapsed or spurious group would have

an effect similar to high entropy as the lower density gas in such systems would

also show low X-ray luminosities (LX). This makes it extremely important that

our optical groups are also a relaxed sample.

The outline of this chapter is as follows: In §4.2 we discuss how we select

our sample of relaxed optical groups using substructure in the distribution of

member galaxies. §4.3 describes the X-ray analysis that we perform and §4.4 the

results of our sample. We conclude this study in §4.5 and §4.6, examining the

virialisation of these groups and understanding the limitations of our analysis

that can affect entropy constraints. Throughout this chapter we adopt a simple

ΛCDM cosmology with Ωm = 0.3, ΩΛ = 0.7 and H0 = 70 km s−1 Mpc−1, with

h = H0/100 km s−1 Mpc−1 = 0.7 and h70 = H0/70 km s−1 Mpc−1 = 1. We

reduce our X-ray data using ciao 4.5 (CalDB 4.5.6 and Sherpa 1) and also

make use of the r statistical package [R Development Core Team, 2009].

4.2 Data

To investigate whether a population of high entropy groups exists we need to

select a sample of relaxed, optically selected groups. This removes ambiguity in

the source of any observed low LX groups. The GAMA project [Driver et al.,

2011] provides an excellent platform from which to begin a study of this nature.

The Galaxy And Mass Assembly project is a broad multi-wavelength project

covering ∼ 250 deg2 of the sky. The optical component of this project consists of a

medium-deep redshift survey of more than 300,000 galaxies within the GAMA re-

gions taken by the AAOmega multi-object spectrograph at the Anglo-Australian
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Observatory. These galaxies have been grouped by Robotham et al. [2011] with a

Friends-of-Friends (FoF) algorithm optimised on a sample of 9 realistic mock light

cones [Merson et al., 2013]. These light cones were generated using the dark mat-

ter Millennium Simulation [Springel et al., 2005] populated with galaxies using

the Bower et al. [2006] semi-analytic models of galaxy formation, with modifi-

cations to reproduce the observed r-band, redshift dependent GAMA luminosity

function of Loveday et al. [2012].

At the time this study began the GAMA survey was complete to only mr <

19.4 from which the G3Cv04 group catalogue was constructed [Robotham et al.,

2011]. Since then, additional galaxy spectra were taken, extending the complete-

ness to mr < 19.8 and accompanied by an updated (v06) group finder. We

performed our group selection using the v04 group catalogue. The subsequent

analysis presented here makes use of the richer data available from the v06 group

catalogue.

The G3Cv04 catalogue contains 14,388 FoF groups throughout the redshift

range and with at least 2 members. We immediately cut the catalogue to contain

N ≥ 12 galaxies to reduce the likelihood of spuriously linked galaxies. This

leaves a catalogue of 205 galaxy groups from which we chose a final sample of 10

with redshift ≤ 0.12. As halo mass has been found to correlate well with group

optical luminosity [e.g. Popesso et al., 2007], we adopt the group r-luminosity as

a predictor for group mass, in turn predicting their X-ray properties. We use the

relation

MGAMA,DHalo = 103.406−(0.4364Mr) (4.1)

where Mr is the total r-band absolute magnitude of the early group catalogues,
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calibrated on the mock group sample. We recast this in terms of Lr, the total

r-band luminosity discussed in Robotham et al. [2011], for the v06 data as

MGAMA,DHalo = 101.37L1.09
r (4.2)

assuming Mr,� = 4.671. We specifically use the luminosity LFoF = BLobsf(z)

where Lobs is the total observed light, f(z) is an extrapolation factor to ac-

count for GAMA’s flux limit and B is a correction factor dependent on both

group richness and redshift calibrated on the GAMA mock catalogues [Robotham

et al., 2011]. As Equation (4.1) was calibrated using mock groups with dark halo

masses MDHalo [Jiang et al., 2014], these luminosity based masses MGAMA,DHalo

are then converted into M500 using median relations between MDHalo, M200 and

M500 drawn from the dark matter distribution[Jiang et al., 2014]. These overden-

sities are relative to the critical density of the universe.

4.2.1 Selection

To select a relaxed sample of optically selected groups we assess the degree of

substructure within the group. A highly substructured group, for example, is

one that is likely to still be reaching equilibrium and virialising following a recent

merger or may be collapsing for the first time. The ability to exclude such systems,

or ones that are spuriously linked together by the group finder, should provide a

good basis from which to select a sample of relaxed halos.

Due to the lack of obvious disturbance, we would also expect groups with low

levels of substructure to produce reliable mass estimates. As we use optical mass

1http://mips.as.arizona.edu/~cnaw/sun.html
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estimates to predict the X-ray properties of our groups, selecting a sample with

reliable mass estimates is important for correctly judging target feasibilities. It is

especially important to avoid selecting groups whose masses are overestimated,

which would result in predicted exposure times that would be too short.

We therefore adopt a set of substructure statistics, calibrated on mock data,

to select our group sample. Using the mock halos and their predicted and known

masses, we tune the selection to discriminate against groups whose mass estimates

are more than a factor of 2 larger than the halo mass.

Our calibration and selection algorithm is as follows. First, identify a set

of substructure statistics that have useful discriminating power to select mock

groups whose predicted masses satisfy the above constraint. Second, establish a

set of thresholds for the adopted statistics that, in combination, can maximize

the number of mock groups recovered with satisfactory mass estimates. Due

to the importance of rejecting groups with overestimated masses, we allow this

constraint to degrade the number of acceptable groups recovered. Finally, having

tuned our selection criteria on mock groups, we apply this filter to the real G3Cv04

sample.

4.2.2 Substructure Statistics

We examined a number of different substructure statistics that probed the spatial

and velocity distributions of the galaxies within a group. Six of these were drawn

from the compilation of Pinkney et al. [1996]. Two more were based upon the

output of the Robotham et al. [2011] group analysis, with a further statistic used

specifically to examine the distribution of galaxy velocities. Our chosen set of
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substructure tests consist of two spatial symmetry statistics, the β-test and the

angular separation test [Pinkney et al., 1996], and the Anderson-Darling test

for normality [Thode, 2002] in the velocity histogram implemented through the

nortest r package [Gross and Ligges, 2012, and references therein].

The β test

This substructure test, originally discussed in West et al. [1988] with the following

discussion based on Pinkney et al. [1996], looks for deviations from mirror sym-

metry caused by substructure within a group halo. The test proceeds by taking

each galaxy and estimating the mean separation of the
√
N nearest galaxies to

that galaxy, di, where N is the total number of galaxies within the cluster. This

distance is then compared to the same quantity calculated at a point diametrically

opposite the galaxy, do.

For each galaxy, β is then defined as

βi = log

(
do
di

)
. (4.3)

The mean value of β for all galaxies is the unnormalised β-statistic. For an

unsubstructured, symmetric system β ≈ 0.

The Angular Separation Test

Similar to the β test, the angular separation test [hereafter AST, Pinkney et al.,

1996; West et al., 1988], examines the angular distribution of galaxies within the

cluster for an excess of small angular separations that substructure may cause.

The AST first determines the mean harmonic separation of members,
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θhm =

[
2

N(N − 1)

N∑
i=1;i>j

θ−1
ij

]−1

, (4.4)

where N is again the number of galaxies in the group or cluster and θij is the

angular separation of two galaxies relative to the centre of the group. Subhalos

would therefore reduce the value of θhm relative to a halo without any substruc-

ture.

The final statistics for both the β test and for AST, are normalised by their

value from the “null hypothesis”, a value of the statistic when no substructure

is present. This accounts for any contributions to the measured statistic from

statistical noise in the population. To generate the null hypothesis, we perform

these tests on 1000 realisations of the cluster data where the azimuthal positions

of the galaxies have been randomised. We then take the mean of these ensembles

to represent the substructure-less null hypothesis. The final test statistics, ζβ and

ζAST are

ζβ = β/βnull and ζAST = θnull/θhm . (4.5)

Under this definition, substructure-less groups have statistic values of ≈ 1

whilst substructured systems will have statistics � 1. The significance of this

statistic is equal to the fraction of the 1000 randomisations that have more sub-

structure than the measured statistic.

Anderson-Darling test

Within a virialised structure, we expect the velocity of galaxies to be distributed

as a Gaussian along the line-of-sight. Recent cluster merger activity or incomplete

virialisation, as well as spurious grouping, would be expected to cause deviations
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from this distribution, e.g. through introducing bimodality or asymmetries in the

velocity histogram. The Anderson-Darling test [hereafter the AD test, Thode,

2002] examines if a sample is consistent with having been drawn from a normal

distribution, and can therefore be useful for testing for such deviations. As a

reasonable proxy for galaxy velocities, we apply this to the redshifts of member

galaxies.

Here we describe the AD test as laid out by Thode [2002] and as implemented

by the nortest r package [Gross and Ligges, 2012]. The AD test proceeds by

first taking the data, in this case, galaxy redshifts, z, and scaling them relative

to the mean, z̄, and standard deviation, σz, of the sample,

z′ =
z − z̄
σz

. (4.6)

The statistic, A2, is then determined as,

A2 = −N − 1

N

N∑
i

(2i− 1)(log(z′i) + log(z′N−i+1)) , (4.7)

where N is the sample size. The significance of A2, p(A2), can then be found

[D’Agostino, 1986],

p(A2) = 1− exp(−13.436 + 101.14A2? − 223.73[A2?]2)

for A2? < 0.2,

p(A2) = 1− exp(−8.318 + 42.796A2? − 59.938[A2?]2)
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for 0.2 < A2? < 0.34,

p(A2) = exp(0.9177− 0.4279A2? − 1.38[A2?]2)

for 0.34 < A2? < 0.6 and

p(A2) = exp(1.2937− 5.709A2? + 0.186[A2?]2)

for 0.6 < A2?, where

A2? =

(
1 +

0.75

N
+

2.25

N2

)
A2 . (4.8)

We use p(A2) as our substructure indicator. To be consistent with ζβ and

ζAST , we define ζAD = 1/p(A2) such that ≈ 1 indicates low levels of substructure,

and ζAD � 1 shows substantial non-Gaussian structure in the velocity histogram.

4.2.3 Calibration

Using these substructure statistics and the mock galaxy groups we calibrate a set

of substructure thresholds that produce a mock group sample satisfying the mass

criteria of Section 4.2.1. To ensure we jointly optimise the three substructure

statistics, we explore a gridded (ζβ, ζAST , ζAD) parameter space, characterising

each combination by the accuracy of the predicted masses for the groups that

pass the filter. Using one of the GAMA mock volumes, we optimise to discard

all groups with predicted masses greater than twice the true halo mass whilst

maximising the number of groups with mass estimates within a factor of two of

the true mass. We define the true mass of each mock FoF group as the mass of
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the dark matter halo contributing the most galaxies to the group.

The resulting calibration accepts groups whose substructure measures are ζβ <

1.9, ζAST < 1.68 and ζAD < 1.82. Of the 220 groups within the calibration mock

volume with NFoF ≥ 12 and z ≤ 0.12 these thresholds were able to exclude all

groups whose masses were overestimated by a factor of two whilst allowing 16% of

the 141 groups with masses within a factor of two (i.e. ‘accurate’ mass estimates)

to pass. Comparing with eight other mock volumes with 1731 groups, we find

this should allow 18% groups with ‘accurate’ masses to pass whilst allowing only

2% contamination by groups whose masses are overpredicted. The sample will

also be populated by groups whose masses are underestimated. However, as the

X-ray luminosity predictions will be similarly reduced, their estimated exposure

time should be sufficient for high quality data to be obtained. We therefore do

not filter against such groups.

4.2.4 Group Sample

Applying the calibrated substructure filters to the observational group catalogue

we identify a sample of 18 groups with NFoF ≥ 12 and z ≤ 0.12. Using the

luminosity based mass estimates, we predict their X-ray temperatures using the

Sun et al. [2009] mass-temperature relation. Using these temperatures, X-ray

luminosities are estimated using the LX−T relation of Slack and Ponman [2014].

As we are interested in high entropy groups, we would expect these groups to

be underluminous relative to the known group population. We therefore predict

fluxes and countrates assuming X-ray luminosities an order of magnitude below

the LX − T relation. We then select the 10 groups with the shortest exposure
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times required to reach a 3σ detection under these constraints (see Table 4.1).

With a 2% chance that a selected group overestimates its mass, in a sample of

10 groups, there is a 21% chance (assuming the binomial distribution) that our

sample is contaminated with at least one group whose predicted properties are

significantly overestimated and therefore that the estimated exposure time is too

short.

Of the 10 selected groups, 200130, is the only group in our sample that in-

tersects the edge of a GAMA field, with approximately 79% of the group area

(within r100%, the projected radius from the centre to the furthest group galaxy)

covered by the survey footprint. Assuming galaxies follow an NFW with a con-

centration of half that of the dark matter with a predicted mass from Table 4.1,

this is equivalent to missing ∼ 23% of group galaxies within the same radius.

However, as we have full coverage of the group core and as this group is a known,

relaxed X-ray group [MKW4, Fukazawa et al., 2004], we do not exclude this

group from our sample.

ACIS-I observations of the 9 selected groups not already within the Chandra

archive were completed by the Chandra X-ray Observatory in 2013. Observations

of the group 200130, an ACIS-S image taken in 2002, were taken from the Chandra

archive.

4.2.5 Group Centres

We observe X-ray emission in the majority of our sample. In most cases the

centroid of the X-ray emission is coincident with a bright galaxy within the group.

In these cases we adopt this galaxy as the centre of the group. One group, 200115,
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has its X-ray emission centroid offset from any bright galaxies. We use the X-ray

centroid of the group as its centre.

We also define optical group centres using the v06 galaxy data, modifying the

iterative centring algorithm of Robotham et al. [2011]. The G3Cv04 algorithm

initially takes all member galaxies and calculates a centroid weighted by galaxy

luminosity. The galaxy furthest from this centre is removed from the sample and

the weighted centroid is recalculated. This is iterated until only two galaxies

remain, the brightest of which is identified as the central galaxy.

We modify this algorithm by assuming that central galaxies should be near

the centre of the velocity distribution. The weight of each galaxy in this centroid

is modified to include the inverse of line-of-sight velocity offset from the mean

of the halo, scaled by the standard deviation of the velocity distribution, |z −

z̄|/σz — i.e. a galaxy at 3σz from the mean velocity will be weighted less than

a galaxy offset by 0.1σz. At each iteration the mean velocity is recalculated,

whilst maintaining the standard deviation at its initial value. This modification

should prevent excessively bright galaxies on the cluster outskirts dominating the

weighted centroid of the group. We use this algorithm to define a central galaxy

for each group.

In cases where an X-ray centroid is not possible, we use the optical central

galaxy as the group centroid. The adopted centres of all 10 groups are listed with

their predicted X-ray properties in Table 4.1.
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4.3 X-ray Analysis

In this section we discuss our X-ray reduction and analysis. We use ciao 4.5

and Sherpa 1 for this work including the reduction and analysis of spectra and

radial profiles. We follow the method outlined by Pascut and Ponman [2014] for

reduction and spectral modelling summarising here.

Our X-ray images were reduced from the initial level 1 event files with the

calibration files from CalDB 4.5.6. These corrections include the effects of time

dependent gain variation and charge transfer inefficiency. We additionally filter

light curves for flaring events by removing periods where the count rate is 20%

greater than the median rate.

These cleaned event files form the basis of our X-ray analysis. Using these

files we also identify point sources in our sample using wavelet detection. In

most cases, the quality of our data allows us to detect diffuse X-ray emission

associated with a central galaxy, which we then use as the centre of the group for

our analysis. In groups where we weakly detect, or don’t detect, group emission,

we instead calculate limits on X-ray properties as described in Section 4.3.5.

4.3.1 Spectral Modelling

We extract sources within a radius of 0.5r500 of our chosen centre, excluding any

point sources detected in the cleaned events files. Initial estimates of r500 are based

on the GAMA luminosity based mass estimates described previously. For many of

our groups we find limited source counts in the usual 0.5− 2.0 keV soft band. To

increase the signal-to-noise in the extracted photon counts we extend the energy

range to 0.3 − 3.0 keV for all groups. We model extracted regions as source
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+ background where the background has been separately modelled. We fit the

background, rather than subtracting, to allow fitting with a maximum likelihood

method using Cash statistics [Cash, 1979]. As a likelihood based method relies

on the Poisson nature of the data this should be robust against the effects of poor

counts than other statistics, such as χ2 [Humphrey et al., 2009].

To model the background we extract counts from ACIS-I chips 0–3, excluding

point sources and the 0.5r500 source region. We run an additional ciao routine,

vtpdetect, to search for other sources of diffuse emission to remove from the

background region. The cleaned background region is fit in the range of 0.3− 7.0

keV and accounts for components such as the cosmic soft X-ray and particle back-

ground, galactic emission and instrumental lines introduced by material along the

optical path. We refer to Pascut and Ponman [2014] for the specifics of the fit. In

a small number of cases we note that an additional background term is required

to account for the effect of solar wind charge exchange. In these cases we model

these as an additional set of Gaussians corresponding to the Ovii, Oviii, Neix

and Mgxi lines at 0.56, 0.65, 0.91 and 1.34 keV respectively, [Koutroumpa et al.,

2009; Kuntz and Snowden, 2008].

We rescale the background model to the area of the source region and fit the

source as an APEC thermal plasma. We assume a fixed metalicity of Z = 0.5Z�

[Sanderson et al., 2009] relative to the grsa abundance model [Grevesse and

Sauval, 1998] and absorption column from the galactic Hi survey of Kalberla

et al. [2005] extracted using nh tool from the HEASoft software suite. We

fit the source in two passes, the first in the range 0.3 − 7.0 keV to rescale the

particle background, allowing for differences in the vignetted photon background

and non-vignetted particle background. This first pass also fits an initial estimate
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of the temperature, Tspec, and normalisation, η, of the APEC model. We then

fix all background components and fit the temperature and normalisation in the

range 0.3− 3.0 keV.

Using Tspec we revise our estimate of r500 using the r−T relation of Sun et al.

[2009],

r500 = 602h−1

(
kTspec
3 keV

) 1.67
3

kpc . (4.9)

We then re-extract and fit the source within the new 0.5r500 aperture. If the

newer estimate is larger than the initial, we additionally re-extract and model

the background. We adopt the re-fitted Tspec as the estimate of the system’s

mean temperature. We estimate the masses of our groups using the M − T

relation of Sun et al. [2009],

M500 = 1.27× 1014h−1

(
kTspec
3 keV

)1.67

M� . (4.10)

As shown by Le Brun et al. [2014], the M −T relation is independent of feed-

back processes. Therefore, masses estimated in this way should be representative

of the halo mass regardless of the thermal history of the group (i.e. low or high

entropy gas).

4.3.2 Surface Brightness Profiles

We determine the surface brightness profiles of our groups by radially binning

observed emission upon which an emission profile is fit. We centre the bins

on the positions listed in Table 4.1, requiring at least 15 counts per bin in our

0.3 − 3.0 keV energy band. We remove contaminating point sources and apply
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an exposure correction. For groups without any strong cool core we assume that

the surface brightness profile is well represented by a single β-model, [Cavaliere

and Fusco-Femiano, 1976],

S(r) = S0

(
1 +

(
r

rc

)2
)−3β+0.5

, (4.11)

where rc is the core radius, β is the slope of the emission profile and S0 is the

central surface brightness. In groups with a notable excess of central emission

we modify the surface brightness profile to be the sum of two β-models, S(r) =

Score(r) + Sout(r). This modification is simpler than those used by, for example,

Ettori [2000] and Vikhlinin et al. [2006]. However due to the poor quality of

the data in many of our groups, fitting more complicated models is unlikely to

provide significant improvements.

We do not attempt to subtract background contamination, we instead assume

that this can be approximated by a uniform emission source at all radii, Sbg. Due

to the particle background not being affected by vignetting the photon and par-

ticle backgrounds will have different effective areas in regions where vignetting

is significant. Exposure correction will flatten the photon background, but will

introduce a radial dependent excess in the particle background, rendering our ap-

proximation of a flat background invalid at large radii. However, as the majority

of our sources do not cover a very large fraction of the ACIS-I field (radial extent

typically of . few hundred pixels compared to a 2048 pixel wide field of view),

and as our energy range does not extend into the hard X-ray regime, we do not

expect this to be a significant effect.

We fit the surface brightness profiles using Sherpa. Again, due to limited
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statistics we do not fit all β-model components, instead fixing βout = 0.5, com-

parable to that observed for low temperature groups [e.g. Helsdon and Ponman,

2000], and βcore = 2/3, assuming that central emission has a standard slope

comparable to those measured in Mohr et al. [1999]. For one group, 300008, we

find the fit optimises the core profile with βcore = 0.5 and the outer profile with

βout = 2/3.

4.3.3 Luminosity

To determine the bolometric X-ray luminosity we use the spectral fit and the

Sherpa algorithm calc energy flux in the energy range 0.01 to 15 keV, ap-

plying the appropriate conversion from flux to luminosity. As our extraction

aperture is 0.5r′500, where r′500 is the radius derived from the previous iteration’s

Tspec, we rescale the measured luminosity to LX,500, using the measured surface

brightness profiles and the final estimate of r500. These rescale factors range from

∼ 1.12 − 1.75 in most cases, with one group, 300067, requiring little rescaling

(1.04) due to its centrally concentrated emission profile. Three groups, 100053,

200099 and 200130, use scale factors of 3–6 due to the reduced, 100 kpc, aperture

used for these systems, as discussed in Section 4.3.5.

4.3.4 Entropy

We calculate entropy, K, as described in Chapter 1,

K(r) =
kTspec
ne(r)2/3

, (4.12)

where we assume an isothermal gas with temperature Tspec and ne(r) is the num-
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ber density of electrons in the intragroup gas at radius r. To determine the gas

density we analytically deproject our fitted surface brightness profile, assuming

that the gas density has a density profile of

ne(r) = ne,0

(
1 +

(
r

r0

)2
)− 3

2
β

, (4.13)

where β and rc are as per the surface brightness profile, Equation (4.11), and ne,0

is a normalisation term defined as

ne,0 =

√
neH4πDa(z)2(1 + z)21014ηJ

NV
. (4.14)

Here neH = 1.157 is the ratio of electron to ion number densities within the gas

[Sanderson et al., 2013] and Da(z) is the angular diameter distance to the group

at redshift z. η is the normalisation of the APEC model fit in Section 4.3.1 and

N =
∫ rmax

0
2πrS(r)dr is the projected source count in the fit region. We calculate

the gas density normalisation using the total emissivity within a spherical volume

of radius 1 kpc, e.g. J =
∫ 1kpc

0
4πr2j(r)dr, such that

j(r) = j0

(
1 +

(
r

rc

)2
)−3β

, (4.15)

where j0 = S0/
(

2rc
∫ π/2

0
cos(θ)2(3β−1)dθ

)
. In cases where we fit two β-models we

determine the number density for each model and use the sum of the densities in

Equation (4.12).

We determine group entropies at 10 kpc to probe the core of these groups.
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4.3.5 Notes on individual groups

100053 and 200099

Due to surface brightness profiles consistent with no observed emission, the groups

100053 and 200099 are considered to be non-detections. We instead determine

limits on the gas luminosity and entropy.

Examining the smoothed emission maps of these sources we find a small diffuse

source associated with a bright member galaxy for 100053 (see Figure 4.1) and

adopt this galaxy as the centre of our analysis. 200099 appears featureless in the

smoothed images. We instead adopt an optical centre for 200099 based on the

iterative centroid algorithm described in Section 4.2.5. We note that for both the

iterative centre defined here and by Robotham et al. [2011], the identified central

galaxy is near the group edge, markedly offset from any centre determined by a

basic centre-of-light centroid.

To determine limits of gas properties, we extract X-ray spectra within 100 kpc,

using a small, fixed aperture to increase the signal-to-noise relative to that within

0.5r500. Assuming the Tpred determined from the optical group luminosity, we fit

an APEC model with fixed temperature and metallicity. Using the upper bound

on the fitted APEC normalisation, we assume a 2σ upper limit on η. Surface

brightness profiles are assumed to be single β-model distributions with β = 0.5

and rc = 0.2r500, comparable to the mean of the other 8 groups in the sample

(0.17± 0.03 r500). We assume r500 as predicted by the luminosity mass estimate.

Using the 2σ upper limit on normalisation and the assumed surface brightness

profile, a 2σ upper limit on luminosity can be estimated. Deprojecting this surface

brightness profile, a 2σ upper limit on number density, ne can also be found. As
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increased entropy acts to decrease gas density, this limit on ne then allows 2σ

lower limits on central entropy to be determined.

200130

The group 200130 is the known low redshift X-ray group MKW4 [Fukazawa et al.,

2004]. This group was imaged in 2002 with Chandra in the ACIS-S configuration.

We extract our spectra from the back-illuminated S3 chip. However, due to the

low redshift of this group the predicted 0.5r500 aperture we would ordinarily use

(313 kpc, 6.7 arcmin at z = 0.02), extends beyond the chip boundary. Addi-

tionally, this system is known to have traceable emission across the ACIS-S CCD

[Sun et al., 2009], rendering our usual approach of measuring a local background

unsuitable.

We instead use blank sky background datasets to estimate the background

[Sun et al., 2009; Vikhlinin et al., 2005]. Using the S3 chip only we extract a

spectrum within a 100 kpc aperture, comparable to the size of the chip. We do

this for both the background and data. We scale the background to match the

hard X-ray counts and subtract this from our source spectrum. We then fit with

a source model only using χ2 statistics.

To determine the radial profile, as we do not have data beyond 100 kpc,

we again make use of the scaled blank sky background to constrain background

emission. We use the core radius and slope of the outer gas halo determined by

Vikhlinin et al. [1999] with rc = 204 kpc and β = 0.64 using ROSAT imaging

data that extended to much larger radius. We perform a two β-profile fit of the

background subtracted radial profile where we fit only the amplitude of the outer

β model but allow the inner, core profile freedom to optimise normalisation, core
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radius and slope.

We calculate luminosity as described previously, extrapolating from 100 kpc

to r500. Whilst Tspec is widely available within the literature [e.g. Sun et al.,

2009; Vikhlinin et al., 2006], to ensure the temperature estimated for 200130 is

consistent with our other groups, we estimate Tspec using an emission weighted

temperature profile. We use the temperature profile from Vikhlinin et al. [2006]

and, weighting by the surface brightness profile, average within 0.5r500, where

r500 = 538 kpc initially [Sun et al., 2009]. r500(T ) is then recalculated and the

estimation repeated, iterating until convergence. This temperature is used for

estimating entropy.

200115

The group 200115 features a diffuse X-ray source not associated with any member

galaxy. However, we also see no background groups or clusters in the GAMA sur-

vey that this emission may be associated with, nor are there any known groups or

clusters within 1′ of the emission found within the NASA Extragalactic Database

(NED). We estimate the centroid of this emission in the 0.3–3.0 keV band within

a 100 kpc aperture (at z = 0.028), finding this to be 130 kpc from the optical

central galaxy, with another bright galaxy 32 kpc away. Though significant offsets

between galaxies and X-ray emission can be an indication of recent disturbance,

we assume the observed diffuse emission is associated with the group and use the

centroid as the centre of our resulting analysis.
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200054

When fitting group 200054 in our 0.3–3.0 keV band we find that this system fits

with a temperature 5.2+4.9
−1.9 keV, dropping notably to ∼ 3 keV as the energy band

is increased. To avoid this ambiguity and to constrain any high temperature

components, we opt to fit the spectrum within the 0.3− 7.0 keV band used when

rescaling the background. We additionally use βout = 2/3, consistent with high

temperature systems, rather than βout = 0.5 used for the cool groups within this

work.

4.4 Results

Table 4.2: Results of the X-ray analysis for our sample of optically selected groups.

GroupID Tspec
a LX,500

b M500
c r500

c K10kpc

(keV) (1042erg s−1) (1013M�) (kpc) (keV cm2)
100053 (1.52) < 1.66 (5.82) (573) > 262
200015 1.05+0.21

−0.12 3.02± 0.66 3.16± 0.83 480± 42 24.5± 11.5
200017 1.34+0.56

−0.23 1.36± 0.46 4.74± 2.33 550± 90 29.3± 11.1
200043 0.97+0.37

−0.25 1.63± 0.62 2.77± 1.47 460± 81 24.8± 16.6
200054 2.80+1.03

−0.53 12.5± 1.61 16.2± 7.53 828± 129 47.2± 32.7
200099 (1.32) < 0.96 (4.63) (533) > 235
200115 0.59+0.09

−0.10 0.37± 0.06 1.20± 0.12 347± 30 64.5± 20.4
200130 1.79+0.02

−0.02 27.2± 0.6 7.66± 0.15 645± 4 24.2± 0.3
300008 1.67+0.31

−0.23 1.99± 0.30 6.80± 1.83 620± 56 40.1± 17.7
300067 0.90+0.11

−0.08 0.39± 0.06 2.44± 0.44 440± 27 28.0± 3.5

Values in parentheses derived from GAMA mass and temperature esti-
mates

a Mean temperature within an aperture of ≈ 0.5r500.
b Extrapolated using the surface brightness fits from the extraction aper-

ture to r500.
c Derived from the Sun et al. [2009] mass – temperature and radius –

temperature relations for groups and clusters.
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Table 4.3: X-ray surface brightness profiles.

GroupID rc,core
a βcore

a rc,out
a βout

a

(kpc) (kpc)
100053 - - (115) (0.5)
200015 18± 17 (0.66) 107± 31 (0.5)
200017 10± 6 (0.66) 77± 28 (0.5)
200043 14± 23 (0.66) 87± 48 (0.5)
200054 25± 33 (0.66) 160± 24 (0.66)
200099 - - (107) (0.5)
200115 - - 36± 49 (0.5)
200130 4.0± 0.8 0.444± 0.004 (205)b (0.64)b

300008 9.4± 19.1 (0.5) 88± 15 (0.66)
300067 15± 4 (0.66) - -
a Surface brightness profiles assuming the 2 β-model de-

scribed in §4.3. In cases of non-detection or where
only one β-model is sufficient we report only one set
of model parameters. Values in parentheses are fixed
as described in the text and not allowed to fit.

b Outer surface brightness profile parameters from
Vikhlinin et al. [1999] fit to ROSAT PSPC data.

In this section we present our results for our sample of optically selected galaxy

groups. We detect emission in 8 of our 10 groups, a larger fraction than detected

in studies such as the XI project [only 1 bright source and 2 weak detections out

of 9 targets Rasmussen et al., 2006] where substructure or virialisation was not

considered when selecting groups. This detected fraction is consistent with the

detected fraction of optically selected groups studied by Balogh et al. [2011] who

found 5 groups were undetected in a sample of 18 targets. Interestingly, their

sample, which was drawn from the 2PIGG catalogue [Eke et al., 2004] with a

narrow mass range (3 × 1014 < M/M� < 6 × 1014), was additionally selected to

exclude groups with non-Gaussian velocity distributions. Whilst these samples

are small, the difference between the XI result and that presented here, does
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Figure 4.1: Optical images of groups 100053, 200015, 200017 and 200043 (left to
right, top to bottom) from the SDSS with X-ray contours overlaid (white lines).
The X-ray contours are derived from adaptively smoothed X-ray images in our
analysis band (0.3–3.0 keV). Also shown are the member galaxies (cyan squares)
with central galaxies shown (orange squares). For scale we illustrate a 100 kpc
region with a dashed yellow circle and the extraction region, when different, by
the solid yellow circle.

imply that selection by substructure can substantially improve the reliability of

a group sample.

In Figures 4.1, 4.2 and 4.3 we show the optical SDSS images with X-ray
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Figure 4.2: As Figure 4.1 for groups 200054, 200099, 200115, 200130.

contours overlaid. Of the 8 groups where we detect X-ray emission, there are 3

groups (200015, 200054 and 200115) where the central galaxy (Section 4.2.5) is

not associated with the peak of the X-ray emission.

4.4.1 LX − Tspec

An initial assessment of our sample can be made through their position on the X-

ray luminosity-temperature relation (L−T ). This relation, which has self-similar
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Figure 4.3: As Figure 4.1 for groups 300008 and 300067.

expectation of LX ∝ T 2 for systems with temperatures above ∼ 3 keV, has been

shown to be significantly steeper [e.g. Helsdon and Ponman, 2000; Osmond and

Ponman, 2004; Pratt et al., 2009; Slack and Ponman, 2014] with slopes of 3 to 4.

This similarity breaking is attributed to feedback processes that inject entropy

into the gas halo [e.g. Voit and Bryan, 2001], suppressing X-ray luminosity in

gas cores.

In Figure 4.4 we show our group sample overplotted onto the L−T group data

from the GEMS sample Osmond and Ponman [2004] and cluster results from the

ACCEPT database1 [Cavagnolo et al., 2009]. Also shown is the L−T relation (for

groups only) found by Slack and Ponman [2014] using a compilation of several

group and cluster studies spanning nearly 2 orders of magnitude in temperature,

LX,500 = 1.27× 1044

(
T

3 keV

)3.17

erg s−1 . (4.16)

1http://www.pa.msu.edu/astro/MC2/accept/
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Figure 4.4: The luminosity – temperature relation for our group sample (coloured
points). Overlaid are groups from the Osmond and Ponman [2004] (black points)
sample and clusters from the ACCEPT sample [Cavagnolo et al., 2009] (grey
points, constrained to clusters cooler than 4 keV and nearer than z = 0.15). The
solid line represents the L−T relation of Slack and Ponman [2014]. We show the
L−T relation of our sample, modified from the Slack and Ponman [2014] relation
by refitting the normalisation only, excluding the undetected groups 100053 and
200099, as the dashed line.

With the exception of the archival group MKW4 (200130), we find that our

groups have X-ray luminosities below those observed for the GEMS sample and

expected from the L− T relation, which agrees with both GEMS and ACCEPT

samples. The few ACCEPT clusters at low temperature also suggest that our

sample shows low X-ray luminosity. However, the ACCEPT project indicates

that their luminosities are indicative only and determined within a non-uniform
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set of apertures. Therefore, rigorous comparison with our r500 luminosities is

difficult, though it is plausible that any extrapolation of ACCEPT luminosities

to r500 would only serve to increase the disparity between ACCEPT and our

sample, further increasing the significance of our luminosity offset. We observe

a small number of ACCEPT systems with luminosities well below the L − T

relation. However, with the previously mentioned uncertainty in the nature of

ACCEPT luminosities, it is unclear whether these underluminous systems are

truly underluminous or if this is simply an artefact of the ACCEPT luminosity

estimates (e.g. uncorrected for core-excision or reduced extraction apertures). As

the central entropies of these underluminous groups are not significantly higher

than the rest of the sample (K10kpc < 100 kev cm2, see Section 4.4.2), it is unlikely

that they are truly underluminous.

We briefly quantify the size of our luminosity decrement relative to the lit-

erature L − T relation. Fitting just the normalisation of the L − T relation to

our data (excluding the two non-detections) implies that our optically selected

sample is underluminous by a factor 4 relative to an X-ray selected one. This

renormalisation is shown as the dashed line on Figure 4.4. This decrement is

in qualitative agreement with the results of the Anderson et al. [2014] who find

optical groups in a stacked analysis to be a factor 2 underluminous on the L−M

relation.

Despite our group luminosities being low compared to the standard relation,

the group temperatures predicted from the optical luminosity based mass esti-

mates with the Sun et al. [2009] M − T relation show no significant bias. Ex-

cluding the two non-detections, and MKW4 whose analysis differed to that of the

other groups, our predicted group temperatures have a mean offset (log10(Tpred)−
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log10(Tspec)) of only −0.009± 0.072. This increases slightly to −0.011± 0.062 if

MKW4 is included. This indicates that the mass estimation used here is on aver-

age unbiased, though substantially scattered. This scatter, totalling 0.18 dex, has

0.09 dex contributed by the measurement error on Tspec, with the remaining 0.15

dex introduced through uncertainty on the calibration of the optical luminosity

mass estimation and intrinsic scatter on that relation.

4.4.2 Entropy
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Figure 4.5: Left: Central (10 kpc) entropies against total optical r-band lumi-
nosity. Right: Histogram of group entropies at 10 Kpc using the entropy profiles
of the ACCEPT sample [Cavagnolo et al., 2009] with kbT < 3 keV with our
measured entropies overlaid. In both figures we show the 1σ (dark shading) and
2σ (light shading) upper and lower limits at 10 kpc derived from the OWLS
simulations [McCarthy et al., 2011].

We plot central entropies, calculated as Equation 4.12 using the surface bright-

ness parameters in Table 4.3 to estimate gas density, against optical luminosity in

Figure 4.5. We plot against Lr to avoid any correlation that may be introduced
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by plotting against an X-ray derived quantity. As shown by the OWLS project,

the feedback model that best reproduces observed entropy distribution as well as

other halo baryon properties such as stellar mass fractions, uses metal line cooling

and both AGN and supernova feedback [McCarthy et al., 2011]. The predicted

range in central entropies from this model is shown in Figure 4.5 as the shaded

regions. The majority of our groups are well within the 1σ range, however we

note that our two non-detections have 2σ lower limits substantially higher than

the central entropies of the rest of the sample.

We compare these results to the distribution of central entropies observed

by Cavagnolo et al. [2009], available from the ACCEPT database. We use the

entropy profiles K(r) = K0 +K100(r/100kpc)α with their fitted values of K0, K100

and α to estimate group entropies at 10 kpc. For consistency with our sample

we use only groups with TX < 3 keV, reducing the ACCEPT sample from 241

systems to only 38. Our estimated entropies at 10 kpc are consistent with this

range with few extending to high entropy (& 100 keV cm2, see Figure 4.5). The

estimated lower limits for groups 100053 and 200099 are higher than the largest

central entropies observed in the cut ACCEPT sample. We briefly comment

on the quality of our entropy estimates using the overlap of these two samples,

MKW4 (group 200130). As seen in Table 4.2 we determine a central entropy of

24.2 ± 0.3 keV cm2, compared to the 28.4 keV cm2 derived from the ACCEPT

profile. Whilst the difference is significant, this significance is dominated by the

high statistical quality of the data. Given the different approaches used in these

analyses (e.g. assumptions of isothermal gas compared to a full temperature

deprojection), we do not consider this discrepancy to be problematic.

To estimate the lower limits on group entropy for groups 100053 and 200099,
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a series of assumptions needed to be made regarding the temperature and gas

density profile. We investigate these assumptions and the impact deviations from

them may have on the estimated limits in Section 4.5.

As entropy and cooling times are inherently linked properties of group gas

(at the same temperature high gas entropy implies low gas density and therefore

reduced a cooling rate), we can use our measured entropies to understand the

cool core (CC) / non-cool core (NCC) nature of the group sample. To divide

the population we guide the choice of threshold by the observed bimodality in

central entropies reported by Cavagnolo et al. [2009], splitting the population at

30 − 50 keV cm2. Groups below this threshold are more likely to show features

associated with active cooling [Cavagnolo et al., 2008]. Whilst the Cavagnolo et al.

[2009] split is in the central entropy excess above that expected from a baseline

value (K0), our radius at 10 kpc should be small enough for a comparable split to

be made. Pascut and Ponman [2014] approach this by splitting their group and

cluster sample at K0.01r500 = 40 keV cm2. They also find that at a given entropy,

groups have longer cooling times than clusters. We therefore take a comparable

approach with our group sample, classifying groups with K10kpc < 30 keV cm2 as

cool cores.

From Table 4.2 we see that half of our sample fall below this threshold and

are therefore CC groups. However, most are weak CCs, marginally below our

CC threshold. Cooling times can be estimated as tcool ∝ K3/2T−1/2Λ(T )−1, e.g.

tcool ∝ K3/2T−1 for pure bremsstrahlung emission where Λ(T ) ∼ T 1/2 [e.g. Don-

ahue et al., 2006]. At low temperatures where bremsstrahlung is less dominant,

such as the groups observed here, the temperature dependence flattens as the

cooling function’s dependence on temperature steepens [e.g. McKee and Cowie,
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1977]. Assuming such a shallow temperature dependence, our five low entropy,

CC groups should have the lowest cooling times of this sample, further implying

that these groups are cool core.

We note however that one of our CC groups, 300067, is a group whose gas

emission appears as a possible galaxy corona with little other emission observed.

This corona is larger (∼ 15 kpc) than those observed by Sun et al. [2007], ∼ 4

kpc, but is of comparable temperature. The Sun et al. [2007] coronas however

were around galaxies within hot cluster environments. This is clearly different to

the environment seen in 300067 where no other diffuse emission is observed. This

may imply that any group gas within this halo is also high entropy, though as

we do detect this compact central emission, we do not label this group as a high

entropy candidate.

4.5 Discussion

4.5.1 High Entropy Limits

The results so far indicate that two of our groups have interestingly high lower

limits on the central entropy of their intragroup gas. However, it is worth asking

how realistic these limits are, especially given the assumptions that have gone into

constructing them. The entropy calculation used here assumes an isothermal gas

with temperature determined from the X-ray spectra, and a gas density profile

derived from the deprojected emissivity profile of group emission. To determine

limits we instead use the temperature predicted for each group predicted from

their optical luminosity based masses, which have some uncertainty from the
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scatter of the mass-Lr relation used. The uncertainty on mass also affects the

shape of the density profile with the assumption of rc = 0.2r500 where r500 is also

derived from optical luminosity based masses. Furthermore, the assumed factor

of 0.2, comparable to the mean ratio of rc to r500 for the rest of the sample may not

be valid for groups with such high entropy — high entropy gas will redistribute

itself within the halo, puffing up the intragroup medium and increasing the core

radius. A small core radius should imply a denser gas core, which in turn, should

be detectable.

It is interesting therefore to see how we can far we can push these assumptions

before we reach entropy limits comparable to the rest of the sample. The most

obvious question to ask is how reliably do we know the assumed temperature?

We have already discussed that we believe the temperature estimates are, on av-

erage, unbiased for this sample. Whilst scatter is large, 0.15 dex, if we decrease

the temperature by 0.15 dex and propagate this change into rc, entropy lower

limits decrease to only > 168 and > 150 keV cm2 for 100053 and 200099 respec-

tively. Therefore poorly estimated temperature alone cannot be responsible for

the observed high entropy limits.

The alternative is to examine the effect of the core radius and the assumed

fraction of r500 used. Specifically we examine the fraction of r500 required to

reduce the measured limits to only 100 keV cm2. Using the APEC normalisation

upper limit, we find that this core radius would need to be < 0.05r500 for both

groups. Whilst an undetectably low surface brightness is plausible for a group

with a large core, it is unlikely we would not observe such a cuspy distribution of

emission at the same redshift. This distribution of gas should show low density

outside the core, rising sharply near the middle to show a central compact core
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Table 4.4: Substructure of the v06 Group Sample.

GroupID ζβ ζAST ζAD
100053 1.42 (0.93) 1.19 (0.70) 2.39
200015 1.22 (0.81) 0.82 (0.23) 1.11
200017 1.06 (0.63) 1.39 (0.78) 3.97
200043 1.86 (>0.99) 2.40 (0.98) 1.44
200054 0.78 (0.26) 1.24 (0.69) 3.41
200099 3.08 (>0.99) 2.08 (0.95) 2.19
200115 1.43 (0.89) 1.42 (0.76) 1.03
200130 1.78 (0.99) 1.23 (0.74) 3250
300008 1.11 (0.68) 0.79 (0.21) 1.03
300067 1.55 (0.94) 1.93 (0.93) 2.86

ζβ, ζAST and ζAD show the mirror sym-
metry, angular separation test and veloc-
ity non-normality substructure indicators
as described in Section 4.2.

whose emission would be detectable.

4.5.2 Substructure

The results above imply that the high entropy limits determined here are reliable.

However, a third option remains for the lack of detectable emission: the groups

100053 and 200099 are still collapsing. Given the improvement in optical data

quality since the initial selection, we can re-visit the question of substructure for

the whole sample.

In Table 4.4 we show the recalculated substructure statistics of our group

sample using the deeper data now available and centred on X-ray emission where

possible. Whilst a quantitative comparison between these values and the thresh-

olds used to originally select the groups is meaningless due to the updated galaxy

catalogue, qualitatively this has a number of interesting implications.

The most apparent change is that the Anderson-Darling test has become much
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more discriminating. Obviously, the inclusion of more galaxies will result in any

deviation from normality in the velocity distribution becoming more significant,

so this should not surprise us. However, the value of ζAD = 3250 for 200130

(MKW4) indicates that the revised selection has introduced a significant per-

turbation in its velocities. Further examination indicates that there is a second

structure linked into this group along the line-of-sight at z ∼ 0.0235 causing the

group velocities to be significantly skewed.

In contrast, the two spatial substructure tests do not appear to be substan-

tially different with few showing more substructure than the original limits. Mir-

ror symmetry gives a large, significant (≥ 95%) substructure result for groups

200043, 200099 and 200130. The angular symmetry test similarly highlights

groups 200043 and 200099 as groups with large, highly significant substructure

statistics (≥ 95%). The significant mirror symmetry result of 200130 is not sur-

prising given its intersection with the survey edge.

We compare the substructure content of the two non-detected groups, noting

a considerable difference spatially, but a very similar degree of velocity normality.

The substructure statistics of group 100053 are comparable to the rest of our

sample, suggesting that it is a virialised system. In contrast, group 200099 shows

some of the highest substructure of the entire sample. This may be related to the

poor centring already noted, where 200099 has no obvious bright central galaxy.

Recalculating substructure around a simple centre-of-light centroid, without iter-

ating, we observe considerably less projected substructure, where ζβ = 1.47 (0.94)

and ζAST = 1.42 (0.81). This poor centring may be a result of incomplete virial

collapse, however as 200099 shows a velocity histogram consistent with the rest

of the sample, and is much less substructured when a simple centroid is used,
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it is plausible that the group is virialised. The lack of a central galaxy may be

the result of extreme levels of pre-heating such that the halos from which mem-

ber galaxies formed were unable to cool sufficient gas to form the large central

galaxies we expect.

On the basis of substructure, we see no strong evidence that the groups 100053

and 200099 are not real, collapsed structures. This suggests that the observed

high entropy limits are representative of the entropy in these systems.

4.5.3 Mass Estimation Quality

The ability to estimate masses is important for this work, both as a means of

estimating the halo mass for predicting X-ray properties prior to observations

and as the base predictor when determination of entropy limits. We again point

out that we believe our predicted temperatures, and therefore mass estimates,

are in general unbiased, though highly scattered. Using the broad range of mass

estimates described in Chapter 3, we investigate our ability to estimate halo mass

using galaxies. Furthermore, we also demonstrate that the use of these estimators

in conjunction can help place further constraints on the virialisation state of the

cluster.

We reselect galaxies for each group as described in Chapter 3, selecting a

cylindrical volume with projected radius of 1 Mpc and depth ±3σ along the line-

of-sight using the gapper velocity dispersion [Beers et al., 1990]. This galaxy

sample defines the volumetric group sample, in contrast to the GAMA Friend-of-

Friends sample defined by Robotham et al. [2011]. With the volumetric sample,

we construct a series of mass estimates based on the observed group richness and
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Table 4.5: M500 estimates (1013M�, assuming h70 = 1) for our group sample.

GroupID ML,GAMA Mσ,GAMA MN ML Mδ MδL Mσ

100053 5.82 6.36 4.08 6.44 0.98 1.35 0.99
200015 4.71 6.51 15.0 9.63 21.7 25.0 6.73
200017 3.95 7.59 3.08 4.07 3.52 3.79 5.19
200043 5.16 7.93 6.35 11.0 4.45 7.99 5.37
200054 4.54 8.35 7.35 10.5 3.39 5.41 6.19
200099 4.63 3.27 1.94 3.32 0.25 0.41 1.37
200115 2.58 4.43 0.48 0.58 0.93 0.78 1.56
200130 7.10 12.9 4.44 7.63 4.75 2.35 10.5
300008 3.55 8.74 3.08 3.09 3.51 2.58 4.27
300067 2.59 2.98 1.28 1.00 0.40 0.43 1.61

luminosity (extrapolated from the mr = 19.8 flux limit to Mr = −16.5 assuming

SDSS cluster luminosity functions [Popesso et al., 2005]), galaxy and luminosity

overdensity (fit to a Navarro, Frenk and White (NFW) density profile [Navarro

et al., 1996]) and a dynamical estimator ∝ σ3α. These mass estimates, labelled

MN , ML, Mδ, MδL and Mσ respectively, are based on mass-proxy relations that

have been calibrated against M500 from a sample of X-ray selected groups. As a

result of the different group selection applied with this sample, it will be inter-

esting to see how these estimates compare to the X-ray based mass estimates, as

well as to each other. In addition to the five mass estimators used here, we also

include masses derived from GAMA FoF total light (ML,GAMA, Section 4.2) and

GAMA group masses derived from the FoF group velocity dispersion [Mσ,GAMA,

Robotham et al., 2011], calibrated upon the GAMA mock data and later scaled

to M500 as per the luminosity based masses.

We summarise the mass estimates in Table 4.5 and Figure 4.6. In Figure

4.6 we use the boxplot to show the spread of mass estimates according to their

interquartile ranges for each group. The advantage of this representation is that
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Figure 4.6: Distribution of predicted group M500 ordered by the GAMA luminos-
ity predicted mass. Included in the boxplot are all mass estimates from Table 4.5.
The blue stars are the predicted masses used for the X-ray feasibility (derived
from the GAMA luminosity), the red diamonds are the M − T based masses of
Table 4.2. The boxes represent the 25th to 75th quartiles with outliers (outside
of 1.5 times the inter-quartile range from the 25th and 75th quartiles) shown as
black points.

it also allows outliers to be identified, defined as points outside of a region ex-

tending to 1.5 times the interquartile range above and below the 25th and 75th

quartiles (the bounds of the box). Obviously, with only 7 masses going into each

boxplot, the statistics here are poor and definitive conclusions are difficult to

draw. Nonetheless, it is illustrative for understanding the nature of these mass

estimates in a general sense.
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We first note that the dynamical masses produced by Robotham et al. [2011]

(Mσ,GAMA) are generally larger than those reported by the Mσ estimator. As both

use similar mass proxies, this difference is interesting, though is likely is due to

the differing calibration and definition details. The Mσ,GAMA estimator is defined

as ∝ A(N, z)r50%σ
2, with A(N, z) calibrated on mock groups as a function of

FoF richness and redshift [Robotham et al., 2011]. Mσ, by contrast, is = Aσ3α,

where A and α are calibrated on a sample of X-ray selected groups. The mock

galaxy catalogues have been shown to have galaxy dynamics biased low relative

to observations [e.g. Han et al., 2014; Robotham et al., 2011], which will, in-turn,

bias high the factor A in the calibration of Mσ,GAMA. Some groups, such as group

100053, also show a substantial difference between the centre as defined by the

Robotham et al. [2011] algorithm and that used here. This difference would also

raise the observed r50%, resulting in further raising the dynamical mass.

As seen in Figure 4.6, of the eight groups with detected X-ray emission we see

only three groups where the X-ray derived masses are consistent (within 1σ) with

the interquartile range (IQR) of mass estimates. We note that only one group had

its mass overpredicted by more than a factor of two using the process described

in Section 4.2, group 200115. As the probability of our sample containing at

least one group with an overestimated masses was 21% from binomial estimation

this is not surprising. We do note, however, that the X-ray derived mass for

this system is contained well within the IQR of optical mass estimators, with the

GAMA masses, ML,GAMA and Mσ,GAMA, producing the largest estimates of mass

by more than a factor 2.

On the other end of the scale — groups where we underestimated halo mass

by a factor of two or more — we see only one group, group 200054. As our selec-
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tion process did not bias against groups with substantially underestimated halo

masses, the fact that we only observe one group is interesting, further illustrating

the utility of the substructure tests in selecting a sample with reliable masses.

Though additional optical mass estimates appear to perform better on average

than the predictor mass originally used for this group, they still underestimate

the group mass by more than 1σ on the X-ray mass.

Comparing the size of the IQR for each group, we see that the two groups with

no apparent X-ray emission also have the broadest IQR of the sample. Examining

individual mass estimates we see that the both the dynamical, Mσ, mass for

these groups and overdensity based masses, Mδ and MδL , are low compared to

masses estimated from a simple count of light and number. We interpret these

low overdensity masses to be representative of small, overdense regions within

a larger collapsing structure. This interpretation does however introduce some

tension with the results of the substructure analysis, implying that though these

groups are real, they are not fully virialised. Furthermore, a similar discrepancy

is observed between the overdensity and richness mass estimates for the group

300067. As already noted, this group has little diffuse emission other than a

concentrated halo of emission around the central bright galaxy.

4.6 Conclusions

In a small sample of groups selected to show little optical substructure we estimate

X-ray temperatures, luminosities and central gas entropies. Two of our groups

are high entropy candidates with high 2σ lower limits on central gas entropy.

All other groups show gas entropies consistent with the typical range of central
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gas entropies observed derived from the ACCEPT entropy profiles. All entropy

estimates are consistent with the range predicted by the OWLS AGN feedback

model. A third group shows a corona of emission extending to ∼ 15 kpc but

otherwise shows little other diffuse emission, though we do not classify this as a

high entropy group.

We have examined the robustness of our entropy limits against uncertainties

in temperature or core radius. Temperature uncertainty alone cannot account for

this difference. Reducing core radius from the 0.2r500 value used to < 0.05r500 can

produce entropies consistent with the low entropy population of groups, though at

this scale we would expect to see some emission comparable to a hot gas corona.

More importantly, we examine the substructure statistics used to select these

groups with the deeper v06 GAMA data. These results suggest that the high

entropy candidate groups are real halos, rather than spurious FoF associations.

A brief comparison of galaxy based mass estimators implies that these halos show

very low overdensity based masses compared to estimates based on total number

or luminosity, implying that they are still collapsing

It should be noted that our two high entropy candidates were observed with

the shortest exposure times. Deeper observations of these groups would help

constrain the true distribution of halo gas and its entropy. Furthermore, with

a larger sample selected from the more recent GAMA data releases, repeating

this study should allow for better placed constraints on the true distribution gas

properties independent of X-ray selection effects. Similarly, repeating this work

using a serendipitous sample of GAMA groups from the Chandra and XMM-

Newton archives, whilst not providing a robust statistical sample, would allow

the distribution of central entropies of groups and clusters to be examined. The
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influence of substructure on a broader sample could then be studied.
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Chapter 5

THE EFFECT OF

SUBSTRUCTURE IN GROUPS

ON GALAXY BASED MASS

ESTIMATES

5.1 Introduction

The dynamical and evolutionary state of groups and clusters can significantly

affect their observed properties. This can propagate into halo masses estimated

from these properties, impacting upon their reliability. For example, the galaxy

based mass estimators described in Chapter 3, which were calibrated on a sam-

ple of X-ray selected, relaxed groups, would likely give inaccurate results when

applied to groups following a major merger or prior to full collapse. Whilst this

was not investigated in Chapter 3, the mass-proxy relations for the X-ray selected
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sample were compared to those of a sample of mock groups selected by richness

and redshift only. The results show the scatter in the mock samples’ mass-proxy

relations is increased relative to the calibration sample, suggesting that a more

diverse range of groups will increase the observed scatter.

Attempts to quantify the dynamical state of a halo can be made by considering

substructure in the distribution of their member galaxies. This was used to define

an optical sample of groups for the work in Chapter 4 in which a relaxed optical

sample was essential to avoid X-ray selection effects. Whilst a battery of mass

estimators were applied to the resulting sample, with such a small sample selected

to show little substructure, rigorously relating the impact of substructure on mass

estimates was not possible.

Due to its large number of mock halos and wide range of mass estimators, the

Galaxy Cluster Mass Reconstruction project [GCMR, Old et al., 2014, Old et

al., submitted] presents an opportunity to examine how substructure can affect

mass estimates. The GCMR project is investigating how well the masses of mock

cluster halos can be recovered using a variety of galaxy based mass estimators.

In addition to the mass estimators discussed in Chapter 3, methods from other

participants include estimators based on cluster richness, the virial theorem and

caustic techniques such as those described in Section 2.1.2, and methods based

on the broader galaxy phase-space and colour distribution within clusters.

The GCMR project consists of two phases. The first [Old et al., 2014, and

references therein] used an idealised (e.g. substructure-less) halo occupation dis-

tribution (HOD) to populate dark matter halos drawn from the z = 0 snapshot of

the Bolshoi Simulation [Klypin et al., 2011] with galaxies. The galaxy catalogue

and a list of the position and velocity of the 1000 richest and most massive halos
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were given to project participants. Galaxy membership and halo masses were

then estimated using a range of techniques. When compared to the true halo

mass it was found that estimates based on richness provided the most accurate

and unbiased mass estimates, echoing the results of Chapter 3.

Phase 2, on which this chapter is based, extends Phase 1 by employing more

realistic models for generating the mock galaxy population. The Phase 2 mocks

are also extended to higher redshifts beyond the z = 0 snapshot used in Phase

1 [Old, et al., submitted, and references therein]. Two mock catalogues were

generated, one a more realistic extension of the HOD model from Phase 1 that

includes substructure [Skibba et al., 2011], the second a semi-analytic model

(SAM) of galaxy formation (based on an updated version of the Croton et al.

[2006] galaxy model). Preliminary indications are that richness-based methods

again produce good, low scatter mass estimates, regardless of mock construction.

Naturally, the added realism of the mocks has caused scatter to increase with

respect to Phase 1.

5.2 Data

The Phase 2 mocks were constructed using SAM and HOD prescriptions applied

to the N -body dark matter Bolshoi simulation. The details of the prescriptions

are discussed in Old, et al. (submitted, and references therein), with a brief

outline in Section 1.5.4. An important consequence of the two prescriptions is

their different treatment of substructure when generating galaxy populations. In

the SAM prescription, substructure arises as a natural consequence of the halo

merger trees, resulting in a realistic distribution of substructure within halos.
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By contrast, the HOD models introduce substructure into groups as populations

of non-central bright galaxies, central galaxies with a velocity bias and clumped

galaxy substructures following certain distributions [Skibba et al., 2011]. As the

substructure in the SAM mock has a more physical origin than for the HOD

prescription, we focus this analysis on the mock lightcone generated with the

SAM prescription.

As with Phase 1, participants were given a luminosity limited galaxy catalogue

(cut to Mr < −19 + 5 log(h)) and the halo positions of 1000 groups and clusters

selected as 800 of the most massive clusters with 200 of the richest remaining

clusters. The cluster sample spanned a mass range of ∼ 3×1013 M� to ∼ 1015 M�

over a redshift of 0 < z < 0.15. The full range of GCMR mass estimators

were applied to the mock halos by the respective participants, though for this

analysis we focus on the subset of masses estimated using the methods described

in Chapter 3.

Using the mock halo positions we selected member galaxies using the volumet-

ric (within a 1 Mpc projected aperture and 3σ velocity cut) and Friends-of-Friends

(FoF) selection methods described in Chapter 3. Using the calibrated relations

from Table 3.3 we estimate M500 using the galaxy richness, galaxy number over-

density, dynamical σ3 and RMS radial mass estimators described in Chapter 3,

assuming SDSS galaxy luminosity functions when required. For the volumetric

group samples we apply a background correction to richness, and fit the galaxy

number overdensity with a projected NFW distribution and a constant back-

ground term. The FoF group samples assume the FoF groups are pure and make

no correction for background.

We extrapolate the estimated masses to M200 assuming an NFW density pro-
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file [Navarro et al., 1996] and the mass-concentration relation of Duffy et al. [2008].

For a halo with mass in the range 1013 M� < M500 < 1015 M� this extrapolation

rescales mass by a factor of 1.36−1.47 at z = 0.1. As established in both Chapter

3 and in Old et al. [2014] the volumetric RMS radius mass estimator has little

practical value. We therefore remove it from this analysis. In the Galaxy Cluster

Mass Reconstruction nomenclature we label our mass estimators as PCN, PCO

and PCS (volumetric richness, overdensity and dynamical σ3 estimators), and

PFN, PFO, PFS and PFR (FoF richness, overdensity, dynamical σ3 and radial

estimators).

5.3 Substructure Statistics

We apply seven substructure tests to the galaxy samples. For the volumetric

sample we apply these only to the galaxies within 1 Mpc, whilst we use all FoF

member galaxies. In addition to the three tests described in Chapter 4, the β-

test, the Angular Separation Test and the Anderson-Darling test, we use four

more substructure statistics drawn from the Pinkney et al. [1996] compilation,

the 2D and 3D Lee Statistics, the Dressler-Shectman test and the Centroid Shift.

These tests are designed to be sensitive to bimodality in the projected distri-

bution of galaxies or in the projection and velocity distribution of galaxies (the

Lee Statistic) and to local deviations from the global velocity distributions (the

Dressler-Shectman and the Centroid Shift) that substructures may cause.
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5.3.1 The Lee Statistic

The Lee statistic, discussed in Pinkney et al. [1996, and references therein], exam-

ines the projected distribution of galaxies for bimodality. A bimodal distribution

of galaxies may be expected during cluster mergers or when two halos have been

mistakenly linked together by the grouping algorithm. To determine the Lee

statistic, galaxies are first projected onto a line passing through the centre of the

cluster. For N galaxies with a coordinate x along this line, a galaxy is chosen to

split the sample into a left and right subsample. This is repeated for all galaxies

to give N − 1 variations of a left and right subsample, requiring at least 1 galaxy

in each subsample. A value L is then

L = max

(
σT

σl + σr
− 1

)
, (5.1)

where σ =
∑
i

(xi − x̄)2 for all galaxies (σT ) and galaxies on the left and right of

each of the N − 1 subsets (σl and σr respectively). Rotating this line about the

cluster centre and reprojecting allows a set of L values to be found. The statistic

L2D being the ratio of the maximum L to the minimum L (Lrat in the Pinkney

et al. [1996] nomenclature).

This statistic can be extended to include velocity information as the 3D Lee

Statistic. Again, following Pinkney et al. [1996], the 3D Lee statistic weights the

left and right clumps by their velocity dispersion, modifying Equation (5.1) as

L = max

(
2σT

σl + σr + σvl+vr
− 1

)
, (5.2)

188



where

σvl+vr =
σT
4σv

(σvl + σvr) . (5.3)

All other σ values are defined as previously (e.g. σv =
∑
i

(vi− v̄)2). The subscript

v refers to the velocity of the relevant sample.

The statistic L3D is defined as per L2D.

5.3.2 The Dressler-Shectman Test

The implementation of the Dressler-Shectman test (hereafter, DS test) used here

is that described by [Pinkney et al., 1996]. This test is sensitive to substructures

in cluster halos such as recent infalling groups whose galaxies have not yet been

mixed into the halo. As a result their local kinematics will not be representative

of the larger halo. For each galaxy, this test compares the mean and standard

deviation of velocity (v̄local, σlocal) for the Nnn =
√
N nearest neighbours to the

global mean and standard deviation of velocity (v̄, σ), calculating a deviation

quantity, δi, as

δ2
i =

(
Nnn + 1

σ

)
[(v̄local − v̄)2 + (σlocal − σ)2] . (5.4)

The DS statistic is the sum of δi over all galaxies.

5.3.3 The Centroid Shift

Like the DS test, the centroid shift test [Pinkney et al., 1996] looks for deviations

from global properties introduced by correlated spatial and velocity distributions.

In this case it examines how the centroid of the group changes as one subsets the
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galaxy population by velocity, For each galaxy a weighted centroid (x̄i, ȳi) is

calculated using its Nnn nearest neighbours in velocity. Weights are wi = 1/σi

where σi is the velocity dispersion of the Nnn nearest neighbours in projection.

By comparison with the centroid (x̄, ȳ) of the whole sample, each galaxy can be

attributed a centroid shift,

αi =
√

(x̄− x̄i)2 + (ȳ − ȳi)2 . (5.5)

The final statistic, α is the mean of all αi.

5.3.4 Normalisation

With the exception of the Anderson-Darling test, each of these are normalised

against a “null hypothesis”, an idealised sample with no substructure, follow-

ing the prescription of Pinkney et al. [1996]. For the two dimensional tests (β-

test, AST and the Lee Statistic), the null hypothesis is generated by azimuthally

randomizing the galaxy distribution. This azimuthal randomisation preserves

the radial distribution of the galaxy population. The 3D tests were normalised

against a null hypothesis generated by either shuffling galaxy velocities (DS test

and the Centroid Shift) or by both shuffling the galaxy velocities and azimuthal

randomisation (3D Lee statistic).

An average value of the null hypothesis was constructed from 1000 realisations

as described above. As in Chapter 4, the ratio of the measured statistic and the

mean null hypothesis gives the normalised statistic, ζ where ζ � 1 indicates the

presence of substructure. The fraction of the 1000 randomisations with more

substructure than measured for the observed group also defines the significance
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of this detection. Significances are reported as, e.g. 0.99, or 99%, being highly

significant.

The Anderson-Darling (AD) statistic and significance is as described in Chap-

ter 4 and the r package, nortest [Gross and Ligges, 2012]. As in Chapter 4, we

adopt ζAD = 1/p(A2) as our statistic for non-Normality.

To summarise, for each group we calculate seven measures of substructure:

the deviation from mirror symmetry (β); the angular separation test (AST); the

2D and 3D bimodality Lee statistics (L2D, L3D); the deviation of local kinematics

(DS); the velocity weighted centroid shift (α); and the degree of non-Normality

in the velocity histogram (AD).

5.4 Results

In the following section we discuss how substructure can affect mass estimation.

We expect substructure to affect mass estimates in two ways; to introduce bias,

where increasing levels of substructure systematically increase or decrease esti-

mated masses, and to introduce scatter, where increasing levels of substructure

increase the variance of estimated masses.

To define mass bias we use the log-space difference between the recovered

mass (M200,rec) and the true mass (M200,true). For each mass estimator, each mock

cluster has a residual in mass of ∆M = log10(M200,rec)−log10(M200,true). A strong

correlation between substructure and residuals is indicative of a substructure-

dependent bias in the estimated mass.

To examine the relation between substructure and scatter we first bin ∆M by

the log of the normalised substructure statistic. It is important to estimate the
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true scatter of the population in these bins, rather than the total scatter which

may have a large statistical component. We estimate the total variance in each

bin and subtract from this the statistical uncertainty in estimated masses. These

statistical uncertainties are due to systematic uncertainties in the mass-proxy

calibration (Equation 3.19) and errors propagated from the mass proxies found

using either the Poisson uncertainty (for PCN, PFN based masses) or a bootstrap

analysis of the galaxy population for each cluster (for the other mass estimators).

The bootstrap analysis allows us to asses the error introduced through the use

of a limited sample of galaxies, a larger source of error than uncertainty in, for

example, the measured velocities. We then look for any correlation between this

non-statistical scatter and substructure in each bin. In some bins the scatter

is dominated by the statistical uncertainty in the estimated masses. In these

cases we cannot constrain the non-statistical component of scatter, and therefore

remove the affected bins from the correlation analysis.

At all times we use the Spearman Rank correlation coefficient to estimate cor-

relation. We estimate the error on the correlation coefficients through bootstrap

analysis with 1000 resamples of the mass-substructure data.

5.4.1 Overall Substructure

We show the overall level of substructure in the SAM mocks in Figure 5.1. There

is a clear difference between the levels of substructure in the volumetric and FoF

samples. For interest, in Figures 5.2 and 5.3 we compare the substructure for

the two galaxy generation models in each selection method. We can see that,

regardless of the galaxy selection method, the HOD clusters generally show lower
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Figure 5.1: Comparison of substructure statistics for the volumetric and FoF
galaxy selection. log(ζ) = 0 shows no substructure with larger values highlighting
the presence of substructure in the halo.

levels of substructure compared to the SAM mock clusters.

5.4.2 Mass Bias

From Table 5.1 and Figures 5.4, 5.5, 5.6, 5.7 and 5.8, we see that the volumet-

ric based mass estimators (PCx) show substantially less correlation with mass

residuals than those of the FoF sample (PFx). However, despite showing weak
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Figure 5.2: As Figure 5.1, comparing the substructure statistics for the SAM and
HOD models using the volumetric sample.

levels of correlation, they are almost all highly significant. The strongest correla-

tions observed for the volumetric sample involve the mirror symmetry statistic,

β, with PCN and PCO mass estimates, and the Dressler-Shectman (DS) and

Anderson-Darling (AD) tests with all PCx mass estimates. The strongest cor-

relation observed is between the residuals of the dynamical PCS mass estimator

and the DS test, though at ρ = 0.23, it is still fairly weak.

With the FoF sample, we again observe highly significant correlations of mass
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Figure 5.3: As Figure 5.1, comparing the substructure statistics for the SAM and
HOD models using the FoF sample.

offsets with substructure, with bias in the number and radial based mass es-

timators showing the strongest correlation with substructure of any PFx mass

estimator. Again, the β statistic appears to correlate well with the richness es-

timator, and gives the strongest result for the radial based estimator, PFR. The

DS test again appears to be a good predicator of bias in all mass estimators.

The angular separation test (AST) generally shows the weakest correlation

with bias in any of our mass estimators. The only exception to this is the corre-
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Figure 5.4: Normalised Substructure statistics against mass offset for the 2D sub-
structure tests (β test, AST and 2D Lee Statistic) and the three mass estimators
applied to the volumetric sample (PCN, PCO, PCS) from the SAM simulation.
Points near the origin indicate levels of substructure comparable to the null hy-
pothesis and no bias in mass measure. Large red points and errorbars show the
binned mean and non-statistical scatter of the mass offset.

lation of AST with the FoF radial mass estimator.
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Figure 5.5: Normalised Substructure statistics against mass offset for the 2D sub-
structure tests (β test, AST and 2D Lee Statistic) and the four mass estimators
applied to the FoF sample (PFN, PFO, PFS, PFR) from the SAM simulation.
Points near the origin indicate levels of substructure comparable to the null hy-
pothesis and no bias in mass measure. Large red points and errorbars show the
binned mean and non-statistical scatter of the mass offset
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Figure 5.6: As Figure 5.4 with the 3D substructure statistics (3D Lee Statistic,
DS test, Centroid Shift).
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Figure 5.7: As Figure 5.5 with the 3D substructure statistics (3D Lee Statistic,
DS test, Centroid Shift).

200



●●●
●●●●●

●●●●●●
●

● ● ● ●

●
●●●

●
●●●

●
●●●●

●
●

● ● ●
●

●●●●
●●●●●●●●●●● ● ● ●

●

●●●●●
●

●●●
● ● ● ● ● ● ● ●

●●
●

●●●

●
●●

●
● ●

●
●

● ●
● ●

●
●●●

●
●●●● ●

● ● ● ● ● ●

●●●●
●●

●●
●

● ● ● ● ● ●
● ●

PCN PCO PCS

PFN PFO PFR

PFS

−1

0

1

−1

0

1

−1

0

1

0 1 2 3 0 1 2 3 0 1 2 3

0 1 2 3 0 1 2 3 0 1 2 3

0 1 2 3
log10(statistic)

lo
g 1

0(M
20

0,
re

c) 
−

 lo
g 1

0(M
20

0,
tr

ue
)

Figure 5.8: Anderson-Darling statistic and significance against mass offset for the
volumetric sample (PCN, PCO, PCS) and FoF sample (PFN, PFO, PFS, PFR).
Large red points and errorbars show the binned mean and standard deviation of
the mass offset used to constrain the total scatter of the distribution.
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5.4.3 Scatter

The correlations between substructure and the non-statistical scatter are shown

in Table 5.2, with Figure 5.9 plotting the degree of non-statistical scatter observed

in each bin against the mean statistic within that bin. With few exceptions we

see that the majority of our mass estimators show scatter with little significant

correlation with substructure. This is especially true for the groups with members

identified with an FoF analysis where the measured correlation is consistent with

no correlation for a large number of mass estimate – substructure test pairs. In

other words, few of the types of substructure examined here have any significant

impact on the scatter in mass estimates.

The most notable exception is the correlation of the angular separation test

(AST). Despite showing little correlation with mass bias, the AST appears to

correlate with moderate to high strengths at high significance with the scatter

in most mass estimators. The only estimator where this is not true is the FoF

dynamical estimator (PFS) whose correlation statistic with AST is consistent

with no correlation. Whilst strong with AST, the scatter in PCO appears to be

best predicted by the 2D and 3D bimodality statistic (L2D, L3D). The dynamical

substructure (specifically the centroid shift, α) is also seen to correlate well with

scatter in PFO.

In addition to correlating poorly with the AST statistic, the scatter in PFS

appears to be consistent with no correlation for all substructure statistics. A

slight negative correlation is observed with respect to the L2D, L3D, DS and α

statistics, however they are not significant and as stated, are consistent with no

correlation within ∼ 1σ. A similar, highly significant negative trend is observed

202



T
ab

le
5.

2:
S
p

ea
rm

an
C

or
re

la
ti

on
s

b
et

w
ee

n
su

b
st

ru
ct

u
re

st
at

is
ti

cs
an

d
sc

at
te

r
in

m
as

s
fo

r
th

e
S
A

M
sa

m
p
le

.

V
ol

u
m

et
ri

c
G

al
ax

y
S
el

ec
ti

on
S
ta

ti
st

ic
P

C
N

P
C

O
P

C
S

F
ig

u
re

β
te

st
0.

45
+

0
.2

1
−

0
.1

8
(0

.9
5)

0.
10

+
0
.5

3
−

0
.4

9
(0

.1
6)

0.
46

+
0
.2

4
−

0
.2

3
(0

.9
5)

5.
4

A
S
T

0.
61

+
0
.1

9
−

0
.1

5
(0

.9
9)

0.
61

+
0
.4

9
−

0
.3

9
(0

.8
3)

0.
65

+
0
.2

0
−

0
.1

4
(>

0.
99

)
5.

4
L

ee
S
ta

ti
st

ic
(2

D
)

0.
29

+
0
.2

6
−

0
.2

4
(0

.7
8)

0.
72

+
0
.3

1
−

0
.1

9
(0

.9
8)

−
0.

25
+

0
.1

7
−

0
.1

8
(0

.6
9)

5.
4

L
ee

S
ta

ti
st

ic
(3

D
)

0.
40

+
0
.2

3
−

0
.2

1
(0

.9
1)

0.
85

+
0
.2

2
−

0
.1

5
(0

.9
9)

0.
21

+
0
.2

6
−

0
.2

4
(0

.6
1)

5.
6

D
S

T
es

t
0.

40
+

0
.2

5
−

0
.2

4
(0

.9
1)

0.
28

+
0
.4

1
−

0
.3

7
(0

.5
7)

0.
09

+
0
.2

7
−

0
.2

6
(0

.3
0)

5.
6

C
en

tr
oi

d
S
h
if

t
0.

33
+

0
.2

1
−

0
.1

9
(0

.8
4)

0.
19

+
0
.3

3
−

0
.3

0
(0

.3
9)

0.
01

+
0
.2

6
−

0
.2

6
(0

.0
3)

5.
6

A
D

−
0.

06
+

0
.2

3
−

0
.2

3
(0

.1
9)

−
0.

02
+

0
.3

7
−

0
.3

7
(0

.0
3)

0.
49

+
0
.2

2
−

0
.2

0
(0

.9
7)

5.
8

F
oF

G
al

ax
y

S
el

ec
ti

on
S
ta

ti
st

ic
P

F
N

P
F

O
P

F
S

P
F

R
F

ig
u
re

β
te

st
0.

18
+

0
.2

8
−

0
.2

3
(0

.5
4)

0.
45

+
0
.3

1
−

0
.2

4
(0

.8
6)

−
0.

04
+

0
.3

0
−

0
.3

0
(0

.1
2)

0.
69

+
0
.1

4
−

0
.0

8
(>

0.
99

)
5.

5
A

S
T

0.
72

+
0
.2

3
−

0
.1

6
(>

0.
99

)
0.

54
+

0
.2

8
−

0
.2

0
(0

.9
5)

0.
22

+
0
.3

2
−

0
.2

5
(0

.6
3)

0.
94

+
0
.0

7
−

0
.0

4
(>

0.
99

)
5.

5
L

ee
S
ta

ti
st

ic
(2

D
)

0.
38

+
0
.2

8
−

0
.2

3
(0

.8
8)

0.
17

+
0
.3

4
−

0
.3

1
(0

.4
2)

−
0.

27
+

0
.2

5
−

0
.2

6
(0

.7
1)

0.
59

+
0
.2

1
−

0
.2

2
(0

.9
9)

5.
5

L
ee

S
ta

ti
st

ic
(3

D
)

0.
23

+
0
.3

2
−

0
.2

8
(0

.6
4)

0.
14

+
0
.3

4
−

0
.3

2
(0

.3
6)

−
0.

15
+

0
.2

8
−

0
.2

6
(0

.4
5)

0.
58

+
0
.2

0
−

0
.1

8
(0

.9
9)

5.
7

D
S

T
es

t
−

0.
17

+
0
.2

9
−

0
.2

4
(0

.4
9)

0.
29

+
0
.3

8
−

0
.3

1
(0

.6
5)

−
0.

25
+

0
.3

0
−

0
.2

7
(0

.6
8)

0.
48

+
0
.2

5
−

0
.2

1
(0

.9
5)

5.
7

C
en

tr
oi

d
S
h
if

t
0.

20
+

0
.2

7
−

0
.2

5
(0

.5
8)

0.
57

+
0
.3

6
−

0
.2

3
(0

.8
8)

−
0.

05
+

0
.2

7
−

0
.2

8
(0

.1
7)

0.
18

+
0
.2

5
−

0
.2

3
(0

.5
4)

5.
7

A
D

0.
01

+
0
.2

2
−

0
.2

7
(0

.0
4)

0.
22

+
0
.2

5
−

0
.2

8
(0

.5
2)

0.
21

+
0
.2

4
−

0
.2

4
(0

.6
1)

0.
23

+
0
.2

5
−

0
.2

5
(0

.6
5)

5.
8

V
al

u
es

in
p
ar

en
th

es
es

gi
ve

th
e

si
gn

ifi
ca

n
ce

of
th

e
ob

se
rv

ed
co

rr
el

at
io

n
.

203



β AST L2D

L3D DS α

AD

0.1

0.2

0.3

0.4

0.1

0.2

0.3

0.4

0.1

0.2

0.3

0.4

−0.25 0.00 0.25 0.50 0.75 0.0 0.2 0.4−0.1 0.0 0.1 0.2

−0.05 0.00 0.05 0.10 −0.1 0.0 0.1 0.2 −0.4 −0.2 0.0 0.2

0.0 0.5 1.0 1.5 2.0
log10 (statistic)

S
ca

tte
r 

of
 lo

g(
M

as
s 

O
ffs

et
) 

(d
ex

)

PCN
PCO
PCS

β AST L2D

L3D DS α

AD

0.2

0.3

0.4

0.5

0.6

0.2

0.3

0.4

0.5

0.6

0.2

0.3

0.4

0.5

0.6

0.00 0.25 0.50 0.75 1.00 0.0 0.2 0.4 0.0 0.2 0.4

0.0 0.1 0.2 0.0 0.1 0.2 0.3 0.4 −0.25 0.00 0.25 0.50

0 1 2
log10 (statistic)

S
ca

tte
ro

fl
og

(M
as

s
O
ffs

et
)(
de

x)

PFN
PFO
PFS
PFR

Figure 5.9: Total non-statistical scatter in each mass estimator against substruc-
ture from each statistic for the volumetric (top) and FoF (bottom) samples.
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for the scatter in the volumetric dynamical mass estimator, PCS, against L2D.

This trend is inconsistent with no correlation with scatter.

5.5 Discussion

5.5.1 Physical Interpretation

Our observations indicate that the presence of substructure within a group can

affect the quality of masses measured through galaxy based methods. This effect

is clearest when correlating substructure with bias in mass estimates for a sample

of FoF groups. For groups with members identified within an aperture, substruc-

ture correlates less well with bias in mass estimate. Interestingly, few substructure

tests show any significant correlation with scatter in mass estimates. Given this

difference in sample selection, and the performance of the different mass estima-

tors and substructure statistics, it is useful to build a physical picture of what

these results are telling us.

We expect substructure to relate to one of three physical circumstances: (1)

incomplete virialisation, where the cluster halo is still establishing equilibrium

following initial collapse; (2) early and late stage cluster mergers; (3) member se-

lection constructing spurious groups, either linking together neighbouring, unas-

sociated halos, or linking together field galaxies into a group. As we were given

a set of known positions for our halos, the possibility of linking together chance

associations of field galaxies is negligible. However, field galaxies can still signifi-

cantly contaminate the galaxy membership, as can neighbouring halos.
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Spurious Groups

As we have discussed in previous chapters, the FoF algorithm used here is gen-

erous in its linking properties, introducing a large interloper population. This

would bias richness and radial measures, adding galaxies at large radius and may,

depending on whether interlopers are isotropically distributed field galaxies, or

neighbouring groups or clusters, result in biased and scattered dynamical mass

estimates. This should also provide a source for symmetry and local kinematic

deviations (β and DS substructures) and introduce bimodality (Lee statistic).

It is therefore probable that a large portion of the substructure observed

within the FoF sample is due to contamination by these interloper galaxies. As

the volumetric sample is a σ clipped selection within a fixed 1 Mpc aperture, a

significant population of interloper groups are less likely to be observed. Indeed,

we find over 60% of the volumetric sample are more than 75% pure within 1

Mpc (the ratio of true halo galaxies within the σ clip to all galaxies within the σ

clip). The fraction of groups that are > 75% pure drops to only 12% for the FoF

selection (the ratio of linked galaxies that are true halo members to all linked

galaxies).

Additionally, as the contaminating galaxy population is distributed approxi-

mately uniform with radius within a σ clip [Mamon et al., 2010], we would also

expect to see some dilution of substructure within the volumetric sample, re-

ducing their measured strengths and significances (we refer back to Figure 5.1

for a comparison of substructure within a volumetric and FoF selected sample).

However, as the volumetric sample is limited in radial and velocity extent, any

substructures observed are more likely to represent real substructures in the group
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or cluster halo, rather than spurious association from the grouping method — i.e.

more likely to be representative of cases (1) and (2).

Incomplete Virialisation

Case (1), incomplete virialisation, should be somewhat more subtle in its effects

on mass and substructure than we would see for spurious group selection. Lack

of virialisation would be unlikely to bias mass estimators such as richness based

estimators as groups would already have their full complement of galaxies, they

simply have yet to fully reach equilibrium. However, this lack of equilibrium will

cause bias and scatter in estimators that assume galaxy positions and velocities

are distributed in a certain way, such as the overdensity and dynamical estimators.

Other than asymmetries in the galaxy distribution and non-normality in the

velocity histogram, we would not expect to see any strong indications of sub-

structure in this scenario. Assuming that the FoF member selection is accurately

linking together structures, incomplete virialisation should have similar effects on

both volumetric and FoF selection methods.

Mergers

The final circumstance, cluster mergers, would have effects on mass estimates

and substructure measures that are comparable to the above scenarios. We make

a distinction between early and late mergers to highlight the phases of a merger

where clusters are infalling but yet to merge (early) and where the merger is

mostly complete but a small halo of galaxies, such as the core of infallen halo, has

survived and is orbiting within the larger structure (late). Without knowledge of

the dark matter kinematics, early merger states should be indistinguishable from
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spurious groups in lightcones such as those used here. In both merger states we

would expect to see deviations from mirror symmetry and kinematic disturbances,

though only early merger states should show significant bimodality.

Again, the similarity between early mergers and spurious groups should result

in similar mass bias and scatter being observed. However, late mergers, where the

full mass has been deposited into the halo, should show mass biases comparable

to those of a system with incomplete virialisation. This form of substructure

may also add to the difference between volumetric and FoF selection. Early

merger states may only have one halo within the volumetric aperture, resulting

in reliable mass estimates for that one halo, whilst FoF selection may link together

both halos, biasing the mass estimates. Again, this would introduce substantial

bimodality substructure into the FoF groups, and not into the volumetric sample.

5.5.2 Detected Substructure

Given these possibilities, are they in fact observable within the sample of groups

we have? We have already indicated that the difference in bias correlation

strength observed between the FoF and volumetric samples can be plausibly at-

tributed to spurious group membership. Indeed, the strength of the correlation of

mirror symmetry deviations, bimodality and local kinematic deviations with bias

in richness, dynamical and radial estimators is qualitatively consistent with the

spurious membership interpretation. Furthermore, if we define a purity statistic

for the FoF groups as (NFoF,true/NFoF ), we find a highly significant, moderate

correlation of purity with substructure (ρ = −0.32 for mirror symmetry, -0.23 for

2D bimodality and -0.29 for the Dressler-Shectman test) indicating that the less
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pure a group is, the more substructure it may show. In the volumetric sample,

where purity is generally higher, these correlations are much weaker (-0.11, -0.08

and -0.07 respectively), further implying that a large degree of substructure is

introduced as part of the FoF linking process.

A final check we make is to examine if these substructure statistics are acting

together — i.e. if the group has spuriously linked in neighbouring halos, both

mirror symmetry breaking and bimodality substructure should be apparent. We

find that the mirror symmetry statistic, β, shows moderate correlation with bi-

modality and DS statistic of ρ ∼ 0.6 with > 99% significance. This is much

weaker in the volumetric case (ρ . 0.25 with > 99% significance).

Whilst the volumetric group selection provides a purer sample, it also recovers

substantially less substructure than the FoF sample. Due to this and the large

degree of interloper contamination with the FoF sample, it is difficult to examine

the impact of other substructure scenarios without knowledge of the dynamical

state of the dark matter.

The discussion so far has largely focussed on understanding bias in mass

estimation in the context of substructure without much discussion of scatter.

However, as shown in Section 5.4.3, our mass estimates generally show little cor-

relation with substructure. The implication is that the types of substructure

examined here preferentially bias mass estimates. Whilst it is easy to see how

substructures can bias mass estimates (e.g. by adding extra galaxies or broaden-

ing velocity dispersions), it is difficult to see why they should also not introduce

more scatter.

The most notable exception to this is the AST statistic which is observed

to correlate well with mass scatter for most mass estimators, despite correlating
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poorly with mass bias. This statistic looks for clumps of low angular separation

material and is therefore similar to the mirror symmetry statistic, which examines

the local projected density of galaxies. We would then expect the behaviour of

the AST statistic to be comparable to the β statistic. This is clearly not the

case, though β and AST are moderately correlated (ρ ∼ 0.44 and 0.65 for the

volumetric and FoF samples respectively). The implication is that there is a

set of substructures that are detected by the β statistic that systematically bias

mass estimates, whilst substructures detected by the AST statistic offset masses

in both positive and negative directions, resulting in no net change in the average

mass estimate whilst introducing considerable scatter. It is unclear why the

substructure identified by the AST statistic should behave in this way.

The correlation of scatter in PCO with bimodality is potentially more un-

derstandable. Any overdensity estimator should be robust against minor sub-

structures due to the assumptions of circular symmetry averaging over such sub-

structures. However if substructure is a large subhalo — large enough to cause

a significant bimodality result — the assumed galaxy density profile will clearly

become inappropriate, introducing scatter.

5.5.3 Case study

To illustrate the difference between FoF and volumetric selection, we identify

two groups in the FoF sample, one with high β statistic (deviations from mirror

symmetry), and one with low β statistic. We identify Groups 205 and 951 as

the high β and low β examples respectively. As these groups are at comparable

redshift (z = 0.148 and 0.135 respectively), any differences should be related to
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the properties of these groups, rather than any unaccounted for evolution in the

halo. These are shown in Figure 5.10. The results of the mass and substructure

estimation are shown in Table 5.3.
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Figure 5.10: Galaxies within groups with a high FoF mirror symmetry substruc-
ture (ID 205, top row) and low FoF mirror symmetry substructure (ID 951, bottom
row). Blue points show true halo member from the known SAM populations, red
points show contaminating galaxies, which are a noticeably higher fraction of the
FoF sample for group 205 than the volumetric sample. The faint blue contours
illustrate the number density contours. Centres are marked by the black cross.

The difference between the FoF and volumetric selection for the high sub-
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Table 5.3: Normalised substructure results and associated significances, and mea-
sured mass offsets for our example groups.

205 951
Volumetric FoF Volumetric FoF

ζβ 1.21 (0.81) 20.6 (> 0.99) 1.47 (0.93) 1.00 (0.55)
ζAST 1.02 (0.56) 4.47 (> 0.99) 1.21 (0.70) 1.00 (0.51)
ζL2D

0.83 (0.03) 1.71 (> 0.99) 0.78 (0.14) 0.74 (0.06)
ζL3D

0.90 (0.02) 1.33 (> 0.99) 0.88 (0.15) 0.86 (0.06)
ζDS 1.00 (0.52) 1.65 (> 0.99) 1.12 (0.78) 1.15 (0.85)
ζα 2.04 (0.99) 2.01 (0.96) 1.46 (0.86) 1.03 (0.56)
ζAD 1.31 (0.24) 7.10 (0.86) 1.04 (0.04) 1.05 (0.05)
Bias - Richness (dex) 0.67 0.81 0.40 0.31
- Overdensity (dex) 0.62 0.22 0.50 0.54
- Dynamical (dex) 0.05 -0.22 0.01 0.08
- Radial (dex) - 1.34 - 0.12

structure group is substantial. In fact, of the 294 galaxies identified as FoF group

members for Group 205, only 26% of these galaxies are true members from the

SAM realisation. There is also a marked difference in the defined centre of the

group; the volumetric group uses the centre defined by the initial seed position

supplied by the GCMR project; the FoF sample defines a centre iteratively using

the algorithm discussed in Section 4.2.5. Mis-centring such as this will be an

additional and important source of scatter for analyses such as the radial and

overdensity mass estimator.

We also note that the FoF selected group 205 also shows a highly significant

and large AST statistic.

5.5.4 ‘Grand’ Substructure Statistic

Given the dramatic difference between the two groups in our case study, selecting

a group sample without considering their substructure can lead to a sample heav-
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ily contaminated by spurious structures. Removing such groups, preferentially

selecting an unsubstructured, relaxed sample was important for the selection of

groups for Chapter 4. For that selection we used substructures identified through

the mirror symmetry statistic, angular separation test and the Anderson-Darling

test to construct a group sample with masses based on the GAMA luminosity.

Given this combination of statistics, is there a sensible way to combine them to

construct a ‘grand’ substructure statistic?

The simplest combination to consider is a simple product of these, i.e. ζ ′ =

ζβζAST ζAD. This combination preserves the property of our statistics such that

ζ ′ ≈ 1 shows no substructure and ζ ′ � 1 indicates substantial substructure.

We plot these the results of this combination in Figure 5.11 and with the non-

statistical scatter shown in Figure 5.12

With this new statistic, we compare the strength of correlations of the grand

statistic with mass offset and the scatter when binned by statistic. We again see

weaker correlations with bias for the volumetric sample than for the FoF sample,

with mass offset correlations of only 0.17 for PCN and 0.16 for both PCO and

PCS (all > 99% significant). The FoF sample correlates with 0.57, 0.26, 0.36

and 0.60 for PFN, PFO, PFS and PFR respectively. We see scatter correlates

with moderate strength in most cases (0.42 (0.93), 0.38 (0.69), 0.67 (> 0.99),

0.37 (0.88), 0.77 (> 0.99), 0.06 (0.20) and 0.85 (> 0.99) for PCN, PCO, PCS,

PFN, PFO, PFS and PFR respectively). Only the scatter in PFS shows negligible

correlation with scatter.

Is this grand estimator therefore an improvement over applying individual

statistics? The observed correlations imply that it is at least comparable. Com-

bining these statistics clearly allows the strengths of some substructure indicators
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Figure 5.11: The grand substructure statistic against all mass estimators (both
volumetric and FoF richness, overdensity, dynamical estimators and the FoF
radial estimator). Large red points and errorbars show the binned mean and
standard deviation of the mass offset used to constrain the total scatter of the
distribution.

(such as β correlating well with mass bias) to balance against the weaknesses of

others (e.g. the AST statistic with mass bias). Though this combination will also

degrade the strong correlations observed in some cases, such as AST and scatter

in PFR. The fact that this initial estimate of a grand statistic can perform com-

parably to most individual statistics is promising. Further work on optimising
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Figure 5.12: As Figure 5.9 with total non-statistical scatter in each mass estimator
against the grand substructure for the volumetric (left) and FoF (right) samples.

this statistic should provide a basis for a good catch-all indicator of group or mass

estimate quality that is sensitive to a range of substructure types.

5.6 Conclusion

In this Chapter we have examined the relationship between the bias and total

scatter in mass estimation and the observed level of substructure in a sample

of mock groups generated with a semi-analytic model of galaxy formation. Our

broad conclusions are:

1. Deviations from mirror symmetry (the β statistic) and the Dressler-Shectman

(DS) test correlate well with bias in most mass estimators. The DS test

especially demonstrates a greater degree of correlation with the bias in dy-

namical PCS and PFS mass estimators whilst the β statistic correlates well

with the richness based mass estimates PCN and PFN as well as the num-
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ber overdensity based mass estimators PCO and PFO. Physically, this may

be due to substructures from mergers or spurious associations within the

volumetric aperture and FoF introducing galaxies to the halo as a coherent

unit of structure. This would bias both number and the observed velocity

dispersion.

2. The Angular Separation Test (AST) demonstrates the strongest correlation

with scatter in mass estimates with otherwise little correlation with scatter

shown for the rest of the substructure statistics. It is unclear why this is the

case, especially as AST and β, for example, are similar in the substructure

they look for.

3. Bias in mass estimates through galaxy overdensity (PCO and PFO) show

the weakest correlation with substructure of any mass estimate. This may

be due to assumptions made within the overdensity analysis, such as spher-

ical symmetry which will average over any substructure, especially for a

FoF analysis. This gives an advantage to overdensity based mass estima-

tors, implying that they should be on average robust against substructure.

In terms of scatter however, this estimator can show significant correlation

with bimodality for PCO, implying subhalos can affect the scatter in PCO

based mass estimates.

4. Galaxy selection is important with clusters populated with a Friends-of-

Friends member selection showing a greater degree of correlation with mass

bias than a simple volumetric member selection within 1 Mpc and 3σ clip

in velocity. This is not unexpected; the FoF selection identifies galaxy

overdensities so will be sensitive to associating nearby structures into a
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group. It may also explain why the bias in FoF masses correlates better

with bimodality than for the volumetric sample. A σ clip method effectively

selects a cylindrical volume around a group. The combination of fixed

aperture and the known, radially uniform population of interlopers [Mamon

et al., 2010], will likely dilute any substructure signal from the real halo.

As PCN and PCO also apply a background correction, this may also reduce

any bias or scatter observed.

Given the results discussed in this work, and the results of Chapter 4, we

conclude with an example ‘grand’ statistic. Such a statistic is one where a subset

of statistics is combined into a single value with the aim of producing a single

statistic that is sensitive to the range of substructure scenarios discussed here.

Guided by Chapter 4, we take the product of the spatial mirror symmetry, an-

gular separation and velocity non-normality statistics. We find that this statistic

is comparable to the broad conclusions from the individual tests. Specifically it

shows weak, but significant correlation with bias for the volumetric sample, inde-

pendent of mass estimator, and moderate strength for the bias in FoF estimator,

with PFN and PFR being the most sensitive. It also shows moderate correlation

with scatter for all estimators except the FoF dynamical estimator, PFS, which

we have observed is generally consistent with no correlation for individual cases.

As a statistic that combines a set of spatial and velocity structure indicators, this

grand statistic should show sensitivity to all forms of substructure. However no

test that inherently combines this information (such as the DS test) is used.

Further work is needed to fully optimise such a grand statistic and to explore

the range of combinations and methods of combination. Additionally, correlating

these statistics with the full range of information available from mock halos, such
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as the merger histories (e.g. the time since last major merger), would be beneficial

to fully understand the physical scenarios these statistics are describing.
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Chapter 6

CONCLUSIONS AND FUTURE

WORK

In this thesis we have discussed the role knowledge of the masses of galaxy groups

and clusters plays in understanding the assembly of structure within the universe.

In Chapter 3 we demonstrated the calibration of simple scaling relations using

mass proxies readily available from typical optical redshift surveys such as the

Sloan Digital Sky Survey. This calibration process indicates that mass proxies

based on the number of galaxies within a group (above some magnitude limit)

or the galaxy number density profile (assumed to follow an NFW profile) provide

the lowest scatter mass estimate. The effects of variation of star formation effi-

ciency were examined and found to be a property we could safely fold into the

mass-proxy calibration. However, we note that these richness and overdensity

estimators (and similarly luminosity and luminosity overdensity mass proxies)

require knowledge of the completeness of the survey as well as the global and

cluster galaxy luminosity function. Dynamical masses were shown to be highly
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scattered, though if the data has large uncertainties in its completeness, dynami-

cal masses are also the only appropriate proxy. A group radius based mass proxy

was also examined, however, it was found that for a volumetric selection this has

no practical use due to the imposed aperture. However, if member galaxies are

selected using a Friends-of-Friends (FoF) analysis this may be a useful alternative.

As shown in Chapter 5 however, bias and scatter in the FoF radial estimator is

highly sensitive to substructure and the quality of the grouping algorithm. We

do note that whilst the specifics of a mass-FoF proxy calibration are sensitive

to the tuning of the FoF algorithm used, broad conclusions are not substantially

different.

A limitation of the calibration of Chapter 3 is the small sample of X-ray

selected groups at low redshift. Extending this sample to both higher redshift and

to a larger sample of groups and clusters may help understand these proxies and

reduce their scatter. The sample could additionally be expanded using samples

with caustic or lensing based masses, though extending such samples to group

scale masses may be difficult.

In Chapter 4, we examined the effect of feedback on group gas. To avoid X-ray

selection effects, which would result in a sample of groups less likely to show the

high entropy properties predicted by hydrodynamic feedback models, we selected

a sample of optical FoF groups. As an optical sample may be contaminated by

unrelaxed groups, we used substructure in the distribution of member galaxies

to select a sample of relaxed halos. Following observations by the Chandra X-

ray Observatory, we find that this sample is underluminous in X-ray emission

compared to an X-ray selected group sample, though most groups have low central

entropies. Two groups however show remarkably high 2σ lower limits on entropy.
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These two high entropy group candidates would require deeper X-ray imaging to

confirm.

This study was based on a small pilot sample with Chandra observations of

groups based on an early GAMA data release. Expanding the sample using groups

from the updated, deeper GAMA database will allow further constraints to be

placed on the impact of feedback on group gas. Additionally, matching GAMA

groups to the Chandra and XMM-Newton archives to search for serendipitous

observations, as well as the 20 deg2 GAMA - XXL1 overlap can be used to con-

strain gas properties over a diverse range of groups. A careful, substructure based

group selection similar to that of Chapter 4 would allow such an archival search

to retain a comparable group quality to our pilot sample. However relaxing this

selection would allow a larger sample to be selected within which the impact of

optical substructure on group gas could be studied.

We returned to mass proxies in Chapter 5, examining the effect substructure

had on the bias — discrepancy from the true halo mass — and scatter of mass

estimates on a large sample of mock groups and clusters. The largest effect noted

was the impact of substructure attributed to an overly generous FoF grouping,

introducing large populations of interloper galaxies or linking together neighbour-

ing, unassociated halos. Such interlopers would inflate the measured richness and

radius of a cluster, potentially also broadening its velocity dispersion. Therefore,

halos with a large degree of grouping based substructure would show mass es-

timates biased relative to those with little. Mass bias was seen to have little

relation to substructure for a sample of groups with members selected within an

1A large extragalactic X-ray survey mapping two 25 deg2 fields with 10 ks observations
using the XMM-Newton Observatory http://irfu.cea.fr/xxl.
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aperture and σ clip. Interestingly, the scatter in mass estimate showed relatively

little relation with substructure for any mass estimator. The notable exception

to this was the correlation of scatter with substructure identified by their angular

distribution.

We make a preliminary attempt at constructing a ‘grand’ statistic — a single

statistic that is sensitive to a variety of classes of substructure — by combining

the statistics used in Chapter 4 to select a group sample. This statistic, as with

the individual statistics, shows reduced strength with mass bias in the aperture

selected sample than for the FoF sample. Scatter however correlates well for most

estimators except for those derived from FoF group dynamics. Further optimi-

sation is needed to examine if a different combination of substructure indicators

improves the performance of this grand statistic. Furthermore, as these statistics

were examined for a sample of mock groups and clusters, a greater understanding

can be derived from relating these statistics to the dark matter merger history of

the halos. As the GCMR project used a wide variety of mass estimators, of which

those discussed in Chapters 3 and 5 constituted only a third of the contributed

methods, further insights could also be gained by repeating this analysis for all

mass estimators contributed.
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