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Introduction



The fundamental 
metallicity relation

● Defined for star-forming 
galaxies

● Relation between stellar mass, 
SFR, and gas-phase metallicity 
of the ISM

● Galaxies lies on a well-defined 
surface

● Shaped by the inflows and 
outflows of gas

Mon Not R Astron Soc, Volume 491, Issue 1, January 2020, Pages 944–964, 
https://doi.org/10.1093/mnras/stz2910
The content of this slide may be subject to copyright: please see the slide notes for details.
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Evolution of the 
fundamental metallicity 
relation

● No evolution observed up to 
z~2.5 — fundamental relation

● The metallicity decreases with 
redshift 

A&A, 684, A75 (2024), https://doi.org/10.1051/0004-6361/202346698
The content of this slide may be subject to copyright: please see the slide notes for details. 4
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Pairs/mergers on the 
fundamental metallicity 
relation

● Galaxies interact also between 
each other and not only with the 
surrounding gas

● Where do interacting galaxies 
take place over the surface?

● Excess of residuals observed on 
the negative tail

Mon Not R Astron Soc, Volume 494, Issue 3, May 2020, Pages 3469–3480, 
https://doi.org/10.1093/mnras/staa1025
The content of this slide may be subject to copyright: please see the slide notes for details.
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Pairs/mergers on the 
fundamental metallicity 
relation

● Interacting galaxies have 
enhanced star formation rate 
and reduced metallicity

● Pairs/mergers can explain the 
excess of residuals from the 
fundamental metallicity relation

● Can we detect mergers/pairs as 
outliers in the fundamental 
metallicity relation?

Mon Not R Astron Soc, Volume 494, Issue 3, May 2020, Pages 3469–3480, 
https://doi.org/10.1093/mnras/staa1025
The content of this slide may be subject to copyright: please see the slide notes for details.
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Methodology



Preprocessing

● Important to reduce the impact 
of different order of magnitude 
between features

● Standard scaling: center shifted 
at zero and unit σ

○ Sensitive to outliers
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Credits: Normalization vs Standardization — Quantitative analysis

https://towardsdatascience.com/normalization-vs-standardization-quantitative-analysis-a91e8a79cebf


Preprocessing

● Important to reduce the impact 
of different order of magnitude 
between features

● Standard scaling: center shifted 
at zero and unit σ

○ Sensitive to outliers
● Robust scaling: calculate 

median and standard deviation 
within the interquartile range 
(25th and 75th)

○ Reduced impact of 
outliers

9Credits: Robust Scaling: Why and How to Use It to Handle Outliers

https://proclusacademy.com/blog/robust-scaler-outliers/


Local outlier factor

● Method 1: local outlier factor
○ Assign to each point a 

score according the local 
density deviation with 
respect to its neighbors

10Credits: Outlier detection with Local Outlier Factor (LOF) --- Sklearn

https://scikit-learn.org/stable/auto_examples/neighbors/plot_lof_outlier_detection.html


One-class support 
vector machine

● Method 1: local outlier factor
○ Assign to each point a 

score according the local 
density deviation with 
respect to its neighbors

● Method 2: one-class support 
vector machine

○ Use of a kernel to 
estimate similarity of 
points and define a 
decision boundary in a 
higher dimensional 
space

● Condition 1: outliers detected 
by both methods

11Credits: High-dimensional and large-scale anomaly detection using a linear one-class SVM 
with deep learning

https://www.sciencedirect.com/science/article/abs/pii/S0031320316300267
https://www.sciencedirect.com/science/article/abs/pii/S0031320316300267


Mahalanobis 
distance

● Condition 1: outliers detected 
by both methods

● Condition 2: Mahalanobis 
distance higher than 99th 
percentile
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Credits: The geometry of multivariate versus univariate outliers

https://blogs.sas.com/content/iml/2019/03/25/geometry-multivariate-univariate-outliers.html


Input parameter space

Run 1

● Stellar mass
● Star formation rate
● Gas-phase metallicity

Run 2

● Stellar mass
● Star formation rate
● Gas-phase metallicity
● Scale factor a(t)=(z +1)-1 (Expected to not 

have effects in the range explored by the 
data)
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We divide the outliers in common sources between the 2 runs, and outliers 
detected only by one run.



Results



Galaxy pairs

● Label 0: normal data
● Label -1: common outliers 

between runs
● Label -2: outliers detected only 

on run 1 (stellar mass, star 
formation rate, and metallicity)

● Label -3: outliers detected only 
on run 2 (including scale factor)

● Outliers have a slightly higher 
fraction of pair fraction

● Including scale factor shows 
the max pairs fraction
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Galaxy mergers

● Label 0: normal data
● Label -1: common outliers 

between runs
● Label -2: outliers detected only 

on run 1 (stellar mass, star 
formation rate, and metallicity)

● Label -3: outliers detected only 
on run 2 (including scale factor)

● Outliers have a fraction of 
merger between 2 and 6 times 
the normal data
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Contamination from 
Active Galactic Nuclei

● Label 0: normal data
● Label -1: common outliers 

between runs
● Label -2: outliers detected only 

on run 1 (stellar mass, star 
formation rate, and metallicity)

● Label -3: outliers detected only 
on run 2 (including scale factor)

● Outliers are not well-separated 
in the BPT diagram…

● …or MEx diagram
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Contamination from 
passive galaxies

● Label 0: normal data
● Label -1: common outliers 

between runs
● Label -2: outliers detected only 

on run 1 (stellar mass, star 
formation rate, and metallicity)

● Label -3: outliers detected only 
on run 2 (including scale factor)

● Outliers are not well-separated 
in the color-color diagrams to 
separate active and passive 
galaxies
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Common outliers

● Average (over 3 nearest 
neighbors in the stellar 
mass-star formation rate plane) 
fractional flux deviation

● Transition around D4000n break 
(passing from less to more 
brighter than nearest neighbors)

● Large dispersion of the average 
deviation around lines

● Largest dispersion around [NeV] 
line, AGN tracer
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Outliers from FMR

● Average (over 3 nearest 
neighbors in the stellar 
mass-star formation rate plane) 
fractional flux deviation

● Outliers having brighter spectra 
then nearest neighbors

● Large dispersion of the average 
deviation around lines

● Largest dispersion around [NeV] 
line, AGN tracer
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Outliers including 
a(z)

● Average (over 3 nearest 
neighbors in the stellar 
mass-star formation rate plane) 
fractional flux deviation

● Outliers brighter than nearest 
neighbors

● Larger dispersion of the 
average deviation around 
emission lines

● Largest dispersion around [NeV] 
line, AGN tracer
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Conclusions



Conclusions

● Outliers have between 2 and 6 times higher 
merger fraction than normal sample

● Including the scale factor a(z) slightly 
increases the fraction of pairs galaxies

● Outliers are not well separated in BPT or 
color-color diagrams

● Outliers have on average higher fluxes than 
the 3 nearest neighbors, with the main 
emission lines having larger dispersion

● Why a(z) is so important? Survey 
(luminosity-limited) bias? Deeper physical 
explanation? WORK IN PROGRESS!
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New project



New project: automated quasar and galaxy 
continuum estimation using neural networks
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Autoencoder U-Net



New project: automated quasar and galaxy 
continuum estimation using neural networks
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Autoencoder U-Net



Thank you for your attention!
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