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Foreword 
Due to limited time allocation, there is room only to highlight some basic 

concepts and to illustrate them in a few examples of application  
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[adapt] 

Quantitative 
analysis: 

  Inference 
  Measures  

Treat a software system as a sociosystem/ecosystem  

Software development 
environment 

Observables produced 
by the software 

Apply data analysis concepts, methods and techniques 
developed in economy/ecology  

multiple 
perspectives 
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Trend 

3 

Government 
expenditure for tertiary 

education  
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Trend analysis 
Statistical techniques to identify patterns in a series of data  
‒  Ability to deal with noise 

Used to forecast the future (although it does not predict the future) 
‒  But also to analyze past events 

Tests for statistical inference: parametric and non parametric 
‒  Test for randomness: H0 = random, H1 = monotonic trend/upward/downward 
‒  Mann-Kendall test, Cox-Stuart test, Bartels test etc. 

Related: change point detection 
4 
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M. M. Lehman, 
Programs, Life Cycles, and Laws of Software Evolution, 
Proc. IEEE, vol. 68, no. 9, pp. 1060-1076, 1980  

Lehman laws 

5 

1.  Continuing Change  
‒  A program that is used and that as an implementation of its specification 

reflects some other reality, undergoes continual change or becomes 
progressively less useful. The change or decay process continues until it is 
judged more cost effective to replace the system with a recreated version.  

2.  Increasing Complexity  
‒  As an evolving program is continually changed, its complexity, reflecting 

deteriorating structure, increases unless work is done to maintain or 
reduce it. 
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Coupling between classes 
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Leaf 
H0: random 
H1: downward 

Excessive coupling between object classes  
is detrimental to modular design and prevents reuse 

A high coupling has been found to indicate fault-proneness  

Chidamber and 
Kemerer CBO 

How high is too high? CBO>14  
H. Sahraoui et al., “Can Metrics Help to Bridge the Gap Between the Improvement of OO Design Quality and Its Automation?”  

Proc. Int. Conf. Software Maintenance, pp. 154-262, 2000 

Abstract 
H0: random 
H1: upward 
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Mann-Kendall test 

High CBO is 
undesirable 
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Do I really need a statistical 
test to see a trend? 

7 

I can see a trend just by looking at the plot! 

What about seeing trends in 26581 plots? 
How to objectively quantify what different eyes see? 

How to aggregate the trends observed in various plots? 
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Chidamber 
and Kemerer 
OO metrics 
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H0: random 
H1: upward 
p-value < 0.01 
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Trends in software functionality 
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Electron backscattering simulation with Geant4  

Helpful guidance in algorithm development, optimization, 
regression testing, software maintenance… 
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The 62 richest people in the world are 
worth more than the poorest 50% 

Cumulative fraction of population 
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Lorenz 

Lperfect equality 

0 ≤ P ≤ 1 

more unequal society 1 0 

Gini index 

½ Gini 

Income inequality measures 

C. Gini, Variabilità e mutabilità : contributo allo studio delle distribuzioni e delle relazioni statistiche, 1912 
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Pietra index 
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Used in derivative markets 
as a benchmark measure of 
statistical heterogeneity 

P = max(Lpe(x) – L(x)) 
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Counterpart of Kolmogorov-Smirnov statistic 
It can be interpreted as the proportion of income that has to be transferred from 
those above the mean to those below the mean in order to achieve an equal 
distribution 
‒  Emphasis on individual-mean interaction 

AKA Ricci-Schutz index, Hoover index 
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Other inequality measures 
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The same as redundancy in information theory:  
the maximum possible entropy of the data minus the 
observed entropy 
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where πi is the proportion of total income earned by the ith group, and e is the so-called 
inequality aversion parameter. The parameter e reflects the strength of society's preference for 
equality, and can take values ranging from zero to infinity. When e > 0, there is a social 
preference for equality (or an aversion to inequality). As e rises, society attaches more weight to 
income transfers at the lower end of the distribution and less weight to transfers at the top. 
Typically the value of e ranges from 0.5 to 2. 

The Atkinson Index (I) is then given by: 

 

µπ /1 eI −=   

where µ is the actual mean income. The more equal the income distribution, the closer πe will be 
to µ, and the lower the value of the Atkinson Index. For any income distribution, the value of I 
lies between 0 and 1. 

• Theil's entropy measure 

A measure of inequality proposed by Theil (1967) derives from the notion of entropy in 
information theory. The entropy measure, T, is given by: 

∑
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where si is the share of the ith group in total income, and n is the total number of income groups. 
The index has a potential range from zero to infinity, with higher values (greater entropy) 
indicating more equal distribution of income. 

3.1.2 Diversity and polarisation 

The concept of inequality and all Lorenz-consistent measures neglect the population frequency 
in each category and therefore disregard information on how population is distributed across 
different income categories. Yet, such information may be relevant in analysing, for example, 
the causes of conflict.  

Consider for example two populations, one who is uniformly distributed over ten similar values 
of income spaced apart equally and another which is a two-spike configuration concentrated 
equally on two points. Under any inequality measure which is consistent with the Lorenz 
ordering described briefly above, inequality decreases between the uniformly distributed 
population over ten values and the two-spikes one4 (Esteban and Ray, 1994). Yet, we might 
think that a society deeply split into rich and poor may, for example, exhibit tensions and 
revolts. 

Departing from considerations related to the disappearing of the middle classes and looking for 
indexes that could catch this new phenomena, Esteban and Ray (1994) have given the following 
definition of polarisation: 

“Suppose that a population of individuals may be grouped according to some vector of 
characteristics into ‘clusters’, such that each cluster is very similar in terms of the attributes of 

                                                      
4 The notion of polarisation does not always conflicts with that of inequality. 

Theil index si = share of the ith group in total income 
n = total number of income groups 

Atkinson index 
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ordering described briefly above, inequality decreases between the uniformly distributed 
population over ten values and the two-spikes one4 (Esteban and Ray, 1994). Yet, we might 
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Departing from considerations related to the disappearing of the middle classes and looking for 
indexes that could catch this new phenomena, Esteban and Ray (1994) have given the following 
definition of polarisation: 

“Suppose that a population of individuals may be grouped according to some vector of 
characteristics into ‘clusters’, such that each cluster is very similar in terms of the attributes of 

                                                      
4 The notion of polarisation does not always conflicts with that of inequality. 

Theil I, Theil II, Kolm index, coefficient of variation, generalized entropy  
and more… 

Used to calculate the proportion of total income that would be required to achieve 
an equal level of social welfare as at present, if incomes were perfectly distributed 

e = sensitivity parameter 0 ≤ I ≤ 1 

∞ 0 

More equal society 
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Halstead mental effort 

14 

● ● ● ● ●

● ●
●

● ● ● ● ● ● ● ● ● ● ● ●

● ●

●

0.0

0.2

0.4

0.6

0.8

geometry/solids

Geant4 version

G
in

i i
nd

ex

4.
0

4.
1

5.
0

5.
1

5.
2

6.
0

6.
1

6.
2

7.
0

7.
1

8.
0

8.
1

8.
2

8.
3

9.
0

9.
1

9.
2

9.
3

9.
4

9.
6

10
.0

10
.1

10
.2

● ● ● ● ●

● ●
●

● ● ● ● ● ● ● ● ● ● ● ●

●
●

●

0.0

0.2

0.4

0.6

0.8

geometry/solids

Geant4 version

Pi
et

ra
 in

de
x

4.
0

4.
1

5.
0

5.
1

5.
2

6.
0

6.
1

6.
2

7.
0

7.
1

8.
0

8.
1

8.
2

8.
3

9.
0

9.
1

9.
2

9.
3

9.
4

9.
6

10
.0

10
.1

10
.2

● ● ● ● ●

● ●
●

● ● ● ● ● ● ● ● ● ● ● ●

●
●

●

0.0

0.2

0.4

0.6

0.8

geometry/solids

Geant4 version

At
ki

ns
on

 in
de

x

4.
0

4.
1

5.
0

5.
1

5.
2

6.
0

6.
1

6.
2

7.
0

7.
1

8.
0

8.
1

8.
2

8.
3

9.
0

9.
1

9.
2

9.
3

9.
4

9.
6

10
.0

10
.1

10
.2

● ● ● ● ●

● ●

●

●
●

● ● ● ● ● ● ● ●
●

●

●
●

●

0.0

0.5

1.0

1.5

2.0

geometry/solids

Geant4 version

Th
ei

l i
nd

ex

4.
0

4.
1

5.
0

5.
1

5.
2

6.
0

6.
1

6.
2

7.
0

7.
1

8.
0

8.
1

8.
2

8.
3

9.
0

9.
1

9.
2

9.
3

9.
4

9.
6

10
.0

10
.1

10
.2

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
geometry/solids

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 10.2

Geant4 4.0

●

●●●

●

●

●

●

●

●

●

●
●
●

●

●
●●●
●

●

●●●

●

●

●

●

●

●

●

●

●●

●

●
●●●
●●

●

●●●

●

●

●

●

●

●

●

●

●●

●

●
●●●
●●

●

●●●

●

●

●

●

●

●

●

●

●●

●

●
●●●
●●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●●●
●●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●●

● ●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

4.
0

4.
1

5.
0

5.
1

5.
2

6.
0

6.
1

6.
2

7.
0

7.
1

8.
0

8.
1

8.
2

8.
3

9.
0

9.
1

9.
2

9.
3

9.
4

9.
6

10
.0

10
.1

10
.2

0.0e+00

2.0e+07

4.0e+07

6.0e+07

8.0e+07

1.0e+08

1.2e+08

geometry/solids

Geant4 version

C
Lh

m
e

Measure of the number of 
elemental mental 

discriminations necessary 
to create or understand  

a class  

Gini Pietra Atkinson Theil II 



Maria Grazia Pia, INFN Genova 15 

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
processes/hadronic/models/cascade

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 10.2

Geant4 4.0

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
processes/hadronic/models/parton_string

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 10.2

Geant4 6.0

concentrated  
software complexity 

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
geometry/solids

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 10.2

Geant4 4.0

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
processes/electromagnetic/standard

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 10.2

Geant4 4.0

evolution of 
concentration 

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
processes/hadronic/models/low_energy

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 9.6

Geant4 4.0

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
processes/scoring

Cumulative fraction of Geant4 package

C
um

ul
at

ive
 fr

ac
tio

n 
of

 C
Lh

m
e Geant4 10.2

Geant4 8.2

distributed  
software complexity 

Gini = 0.90 

Gini = 0.87 

Gini = 0.37 

Gini = 0.25 



Maria Grazia Pia, INFN Genova 

Gini and galaxies 

16 

A NEW APPROACH TO GALAXY MORPHOLOGY. I. ANALYSIS OF THE SLOAN DIGITAL SKY
SURVEY EARLY DATA RELEASE

Roberto G. Abraham,1 Sidney van den Bergh,2 and Preethi Nair1
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ABSTRACT

In this paper we present a new statistic for quantifying galaxy morphology based on measurements of the
Gini coefficient of galaxy light distributions. This statistic is easy to measure and is commonly used in
econometrics to measure how wealth is distributed in human populations. When applied to galaxy images,
the Gini coefficient provides a quantitative measure of the inequality with which a galaxy’s light is distributed
among its constituent pixels. We measure the Gini coefficient of local galaxies in the Early Data Release of
the Sloan Digital Sky Survey and demonstrate that this quantity is closely correlated with measurements of
central concentration, but with significant scatter. This scatter is almost entirely due to variations in the mean
surface brightness of galaxies. By exploring the distribution of galaxies in the three-dimensional parameter
space defined by the Gini coefficient, central concentration, and mean surface brightness, we show that all
nearby galaxies lie on a well-defined two-dimensional surface (a slightly warped plane) embedded within a
three-dimensional parameter space. By associating each galaxy sample with the equation of this plane, we
can encode the morphological composition of the entire SDSS g*-band sample using the following three
numbers: {22.451, 5.366, 7.010}. The i*-band sample is encoded as {22.149, 5.373, and 7.627}.
Subject headings: galaxies: evolution — galaxies: fundamental parameters
On-line material:machine-readable table

1. INTRODUCTION

In 1926 Hubble introduced his ‘‘ tuning fork ’’ classifica-
tion system, which has proved to be admirably suited to
classification of the vast majority of nearby bright field
galaxies (Hubble 1926). Since all of the galaxy prototypes
used by Hubble (1926, 1936) are luminous giants or super-
giants, it is not surprising that his classification system is not
well suited to the classification of low-luminosity galaxies
(van den Bergh 1960a, 1960b; Sandage & Tammann 1987;
Sandage & Bedke 1994). Furthermore, Hubble’s classifica-
tion system loses resolution in the cores of rich clusters,
where almost all galaxies belong to classes E, S0, or SB0.
Other types of problems arise when one attempts to extend
the Hubble classification system to galaxies that are situated
at large look-back times. First of all, the dichotomy between
normal and barred spirals, which lies at the heart of the
Hubble tuning fork classification system, appears to break
down at large look-back times (van den Bergh et al. 1996;
van den Bergh, Cohen, & Crabbe 2001; Abraham et al.
1999) as bars become increasingly rare at large z. Second,
the fraction of peculiar galaxies, i.e., objects that do not fit
comfortably within the Hubble scheme, increases precipi-
tously with increasing redshift (Griffiths et al. 1994; Cowie,
Hu, & Songaila 1995; Glazebrook et al. 1995; Driver,
Windhorst, & Griffiths 1995; Abraham et al. 1996a, 1999;
van den Bergh et al. 1996, 2000, 2001; Brinchmann et al.
1998; Driver et al. 1998; Marleau & Simard 1998; Dickinson
1999; Dickinson et al. 2000; for recent reviews see Ellis 2001;

Abraham & van den Bergh 2001, 2002). In view of these dif-
ficulties it appears desirable to search for more general types
of classification systems that might be applicable to dwarf
and giant galaxies, to both field and cluster galaxies, and to
objects at large redshifts.

A first attempt to formulate such a very general classifica-
tion system was made by Morgan (1958, 1959) and codified
in the Yerkes system. In the Yerkes system galaxies are classi-
fied primarily on the basis of their central concentration of
light on the sequence a–af–f–fg–g–gk–k, where objects of
type k have the highest central concentration of light and
late-type integrated spectra, whereas galaxies of type a have a
low central concentration of light and early-type integrated
spectra. By design, Morgan’s system tracks the principal cor-
relation internal to the Hubble sequence, namely, that
between bulge-to-disk ratio and integrated color.

The Yerkes system has never been widely adopted, but
the fundamental idea behind it has recently undergone a
renaissance. The basis forMorgan’s system is the estimation
of a single parameter (central concentration of light) that is
both fully quantifiable (using techniques unavailable to
Morgan, who estimated concentration by eye) and robust at
low signal-to-noise ratio levels. Both of these qualities are
highly desirable in morphological investigations (particu-
larly those of distant galaxies based on data from theHubble
Space Telescope [HST]). A number of studies have therefore
used central concentration as a de facto stand-in measure
for bulge-to-disk ratio and, by inference, a measure of posi-
tion on the Hubble sequence (Doi, Fukugita, & Okamura
1993; Abraham et al. 1994, 1996b, 1999; Brinchmann et al.
1998; Glazebrook et al. 1998; Takamiya 1999; Menanteau
et al. 1999; Menanteau, Abraham, & Ellis 2001; Bershady,
Jangren, & Conselice 2000; Volonteri et al. 2000; Trujillo
et al. 2001; Kuchinski et al. 2001; Corbin et al. 2001;
Shimasaku et al. 2001). Concentration measures are also
used as a tracer of morphology in the Sloan Digital Sky
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A NEW NONPARAMETRIC APPROACH TO GALAXY MORPHOLOGICAL CLASSIFICATION

Jennifer M. Lotz,1 Joel Primack,1 and Piero Madau2
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ABSTRACT

We present two new nonparametric methods for quantifying galaxy morphology: the relative distribution of
the galaxy pixel flux values (the Gini coefficient or G ) and the second-order moment of the brightest 20% of the
galaxy’s flux (M20). We test the robustness of G and M20 to decreasing signal-to-noise ratio (S/N) and spatial
resolution and find that both measures are reliable to within 10% for images with average S/N per pixel greater
than 2 and resolutions better than 1000 and 500 pc, respectively. We have measured G and M20, as well as
concentration (C ), asymmetry (A), and clumpiness (S ) in the rest-frame near-ultraviolet/optical wavelengths for
148 bright local ‘‘normal’’ Hubble-type galaxies (E–Sd) galaxies, 22 dwarf irregulars, and 73 0:05< z< 0:25
ultraluminous infrared galaxies (ULIRGs). We find that most local galaxies follow a tight sequence in G-M20-C,
where early types have high G and C and low M20 and late-type spirals have lower G and C and higher M20. The
majority of ULIRGs lie above the normal galaxy G-M20 sequence because of their high G and M20 values. Their
high Gini coefficients arise from very bright nuclei, while the high second-order moments are produced by
multiple nuclei and bright tidal tails. All of these features are signatures of recent and on-going mergers and
interactions. We also find that in combination with A and S, G is more effective than C at distinguishing ULIRGs
from the ‘‘normal’’ Hubble types. Finally, we measure the morphologies of 491:7< z< 3:8 galaxies from HST
NICMOS observations of the Hubble Deep Field North. We find that many of the z! 2 galaxies possess G and A
higher than expected from degraded images of local elliptical and spiral galaxies and have morphologies more
like low-redshift ULIRGs.

Key words: galaxies: fundamental parameters — galaxies: high-redshift — galaxies: peculiar —
galaxies: structure

On-line material: machine-readable tables, color figures

1. INTRODUCTION

The evolution of the physical structure of galaxies is one
of the keys to understanding how matter in the universe as-
sembled into the structures we see today. The most accessible
tracer of a galaxy’s physical structure is its morphology,
i.e., the organization of its light (stars and dust), as projected
into our line of sight and observed at a particular wavelength.
As we examine more distant galaxies, we find that galaxy
morphologies become increasingly chaotic. The disk and
spheroidal structures abundant in the local universe disappear
at early times in the universe (e.g., Abraham et al. 1996;
Abraham & van den Bergh 2001). The emergence of the local
Hubble sequence of spiral and elliptical galaxies at late times
is one of the predictions of the hierarchical picture of galaxy
assembly.

While the first morphological studies sought to describe the
variety of galaxy shapes and forms, the goal of present-day
morphological studies is to tie the spatial distribution of stars
to the formation history of the galaxy. A major obstacle to this
goal has been the difficulty in quantifying morphology with a
few simple, reliable measurements. One tack is to describe a
galaxy parametrically, by modeling the distribution of light as
projected into the plane of the sky with a prescribed analytic
function. For example, bulge-to-disk (B/D) light ratios may be
computed by fitting the galaxy with a two-component profile,

where the fluxes, sizes, concentrations, and orientations of the
bulge and disk components are free parameters (Peng et al.
2002; Simard et al. 2002). This B/D ratio correlates with
qualitative Hubble type classifications, although with signifi-
cant scatter. Unfortunately, there is often a fair amount of
degeneracy in the best-fitting models and B/D ratios, and
structures such as compact nuclei, bars, and spiral arms intro-
duce additional difficulty in fitting the bulge and disk compo-
nents (e.g., Balcells et al. 2003). A related approach is to fit a
single Sersic profile to the entire galaxy (Blanton et al. 2003a).
Profiles with high Sersic indices are interpreted as bulge-
dominated systems, while low Sersic indices indicate disk-
dominated systems. However, not all bulges have high Sersic
index values—some are exponential in nature (Carollo 1999),
so not all objects with bulges will produce intermediate or
high Sersic indices. Both the one-component and multiple-
component fitting methods assume that the galaxy is well
described by a smooth, symmetric profile—an assumption that
breaks down for irregular, tidally disturbed, and merging
galaxies.

Nonparametric measures of galaxy morphology do not as-
sume a particular analytic function for the galaxy’s light dis-
tribution and therefore may be applied to irregulars, as well as
standard Hubble-type galaxies. Abraham et al. (1994, 1996)
introduced the concentration index C (which roughly correlates
with a galaxy’s B/D ratio) and Schade et al. (1995) put forward
rotational asymmetry A as a way to automatically distinguish
early Hubble types (E/S0/Sa) from later Hubble types (Sb/Sc)
and classify irregular andmerging galaxies. Subsequent authors
modified the original definitions to makeC and Amore robust to
surface-brightness selection and centering errors (Wu 1999;

A
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THE GINI COEFFICIENT AS A TOOL FOR IMAGE FAMILY IDENITIFICATION
IN STRONG LENSING SYSTEMS WITH MULTIPLE IMAGES
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ABSTRACT

The sample of cosmological strong lensing systems has been steadily growing in recent years and with the advent
of the next generation of space-based survey telescopes, the sample will reach into the thousands. The accuracy of
strong lens models relies on robust identification of multiple image families of lensed galaxies. For the most
massive lenses, often more than one background galaxy is magnified and multiply imaged, and even in the cases of
only a single lensed source, identification of counter images is not always robust. Recently, we have shown that the
Gini coefficient in space-telescope-quality imaging is a measurement of galaxy morphology that is relatively well-
preserved by strong gravitational lensing. Here, we investigate its usefulness as a diagnostic for the purposes of
image family identification and show that it can remove some of the degeneracies encountered when using color as
the sole diagnostic, and can do so without the need for additional observations since whenever a color is available,
two Gini coefficients are as well.

Key words: galaxies: high-redshift – gravitational lensing: strong – methods: observational

1. INTRODUCTION

The next generation of surveys, using telescopes like the
Wide-field Infrared Survey Telescope (WFIRST) and Euclid,
will reveal thousands of strong-lensing galaxy clusters. The
ability to create models of these lensing masses will be
crucial to fully leveraging these datasets for the study of dark
matter, structure formation, cluster physics, early galaxy and
star formation, cosmology, and more (e.g., Jullo et al. 2010;
Barnabè et al. 2011; Umetsu et al. 2012; Bouwens et al.
2014; Mahdi et al. 2014). However, making such models is
resource intensive, requiring significant computing time
while also, in particular, requiring a significant investment
of researcher time. Furthermore, follow-up imaging in other
bands or for longer exposure times may be required to clarify
image family identifications, further consuming telescope
resources.

Indeed, the identification of image families is an uncer-
tainty of particular importance for lens modelers. Changing
which image family to which a single image belongs can
result in significant changes to the resulting lens models (e.g.,
Sharon et al. 2012; Jauzac et al. 2014). Currently, color is one
of the primary pieces of information used to distinguish
members of a multiply imaged lensing system from galaxies
in the foreground. Color has the advantage of being a
property of images that can be measured algorithmically and
used as a constraint on the image identifications made by
various modeling teams. With Hubble Space Telescope
(HST) quality imaging, one also uses internal image
morphology as a constraint, but this is typically assessed
by eye and requires a substantial investment of time by an
experienced lens modeler. A number of lens models for
Frontier Fields (FF) clusters have been recently published
(Jauzac et al. 2014, 2015; Johnson et al. 2014; Richard et al.
2014; Grillo et al. 2015; Ishigaki et al. 2015; Kawamata et al.
2015; Treu et al. 2015) where image family identification has
been done using such methods. Clearly, though, it is

impractical to obtain deep imaging in so many
different filters (the FF clusters, for example, are observed
in seven different filters) for each of the thousands of
strong lens systems that will be discovered in the coming
years. Therefore, maximizing the strong lensing constraints
available from the survey data that will exist is of particular
utility.
Recently, we have found the Gini coefficient to be well-

preserved by strong gravitational lensing in HST-quality
imaging (Florian et al. 2015). Since it is a measurement that
can be made in a single filter and in the image plane, it should
be possible to gain additional constraints from the Gini
coefficient (at least one per filter) to help with image family
identification without using any additional observational
resources. In this letter, we use the results of the simulations
presented in Florian et al. (2015) to show that the Gini
coefficient can indeed be used in this way.

2. THE GINI COEFFICIENT

The Gini coefficient was introduced to astronomy by
Abraham et al. (2003) and has since been used in morpholo-
gical studies of unlensed galaxies (e.g., Lotz et al. 2006). It is a
measurement of the inequality of the distribution of light in a
galaxy. Conceptually, it is calculated by ordering the pixels in a
given aperture by flux, and producing the cumulative
distribution function, and finding the area between that curve
and the curve representing the cumulative distribution function
that describes a galaxy with a perfectly flat profile. In practice,
it is calculated in the following way:

å=
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- -G
X n n

i n X
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1
2 1 1
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i∣ ∣( )
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where Xi is the flux of the ith flux-ordered pixel, X is the mean
flux, and n is the total number of pixels within the aperture. A
Gini coefficient of 0 indicates a perfectly uniform profile and a
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Methods, applications to physics software and results will be 
documented in forthcoming papers 

Relation with methods used in ecology  
(e.g. analysis of diversity) 

Other econometric analysis methods: 
Concentration, Change point 

Information theory background 

Decomposition of inequality 
measures by subgroups 

Comparative evaluation  
of measures and tests 
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Conclusion 
Statistical methods commonly used in other disciplines  
can be valuable in software and physics analysis 
Rich variety of econometric/ecology concepts and techniques  
‒  Trend, inequality, concentration, diversity, changepoint… 

Ongoing R&D to explore applications in physics software 
‒  To characterize software properties 
‒  To evaluate the behaviour of physics models 

A few highlights, no time for extensive presentation 
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