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Abstract

Gamma-ray bursts (GRBs), due to their high luminosities are detected up to redshift 10, and thus
have the potential to be vital cosmological probes of early processes in the universe, such as the evolution
of the star formation rate (SFR), in general, and of the first generation (Population III) stars and black
holes. Fulfilling this potential requires a large sample of GRBs with known redshifts. The Neil Gerhels
Observatory (Swift satellite), the most successful one for measuring spectroscopic redshifts of GRBs,
has provided redshifts for only about one-third of its detected GRBs. Thus, there have been numerous
attempts to estimate redshifts via correlation studies (so called pseudo-redshifts), which however have led
to inaccurate predictions. We present supervised machine learning (ML) approaches to estimate redshifts
for GRBs using existing Swift data. This novel approach, for the first time, uses the “SuperLearner” to
infer a correlation coefficient between the inferred and the observed redshifts. A unique aspect of our
method is the addition of afterglow parameters. This method is valuable to indicates that GRBs can
provide a reliable step for the cosmic distance ladder.

Key words: workshop: proceedings — LaTeX2e: style file — instructions

1. Introduction

The localization of some GRBs in host galaxies estab-
lished directly their extragalactic origin, and by now red-
shifts, z, have been measured for several hundred GRBs,
with a few having z between 6 and 9.4. As a result, there
have been numerous efforts to use GRBs as cosmological
probes for shedding light on astrophysical processes at
these early stages of the evolution of the universe, to use
them to determine the intrinsic shape of their luminosity
function, to assess if the GRB rate follows the star forma-
tion rate at low redshifts, and in some cases using them
as “standard candles”, through correlations between dis-
tance dependent and distance independent variables, for

cosmological studies. A persistent caveat on the use of
GRB correlations for cosmological studies is the incom-
pleteness of the samples of GRBs with known redshifts.
This point has so far made it extremely difficult to find
an effective strategy to reliably derive redshifts from the
more readily available observational features.

Our goal in this paper is to increase the number of
GRBs with inferred redshift considerably (this method
will allow to more than double or even triple the sam-
ple of Swift GRBs with z) so that we can finally solve
the above and other ongoing debates on the nature of
GRBs. The situation is the same also for short GRBs
where there has only been some preliminary investiga-



tion of their luminosity function and cosmological evolu-
tion. An accurate determination of these for short GRBs
is becoming more crucial with the dawn of gravitational
wave (GW) astronomy. Therefore, having a method that
can reliably estimate redshifts for more GRBs at low z
is of paramount important. The direct determination
of the redshift of a GRB requires rapid localization and
spectral observations. Swift, like its predecessor Beppo-
SAX, uses X-ray instruments for localization, but unlike
Beppo-SAX, which relied on ground based observations
of host galaxies, Swift can obtain spectra and sometimes
redshift with the on-board UVOUT instrument. As a
result Swift has been able to secure redshifts for a larger
fraction of the GRBs it detects. Still, this fraction re-
mains small (∼ 30%). Besides the redshift information
Swift has shown that GRB light curves have more com-
plex features than a simple power law (Sakamoto et al.
2007).

As mentioned above, using correlations (Amati et al.
2002, 2006, 2009, Amati Della Valle 2013, Yonetoku
et al. 2004, Dainotti et al. 2008) between a distance
independent characteristic (e.g. time at the end of the
plateau of the afterglow emission, the peak photon en-
ergy in the νFν spectrum, etc.) and a distance de-
pendent one (the luminosity at the end of the plateau
emission, isotropic prompt peak luminosity and energy)
has resulted in attempts to obtain pseudo-redshifts for
larger and possibly more complete samples for cosmolog-
ical studies (Atteia et al. 2003; Yonetoku et al. 2004;
Yonetoku et al. 2010, Yonetoku et al. 2014; kocevski &
Liang 2006; Dainotti et al. 2011a, Zhang & Wang 2018).
However, using linear relations between relevant GRB
parameters to infer redshift has not yet led to accurate
estimates because all these relations depend on the lu-
minosity distance (DL) which itself depends on z and
cosmological parameters in a complex way. So, the relia-
bility of such redshifts is questionable. Instead, here we
propose a method that bypasses completely the determi-
nation of the luminosity distance. More specifically, we
explore the use of machine learning (ML) procedures for
the determination of redshifts.

In the next section (§2.) we describe the GRB sample
which we use to develop a redshift inference procedure
using ML methods described in §??, where we describe
the SuperLearner method that we have applied to the
chosen sample, comprising several ML algorithms.

2. Sample

Our analysis adopts sets of several observed character-
istics of GRBs, which we treat as explanatory variables
or predictors, from both the prompt and the afterglow
(in particular the plateau) emission, to be used in the
prediction of their redshifts. Both data sets are from
the Swift GRB catalog, more precisely the BAT+XRT

observations, covering the period from January 2005 to
January 2019. Our general aim is to develop a method-
ology to reliably infer redshifts from such observations.
In this paper we use a sample of GRBs with known and
reliable redshifts (redshifts which are not precisely deter-
mined are not included) and demonstrate how well the
predicted redshifts agree with the observed ones. We
have plotted a scatter diagram of all the variables (in-
cluding the redshift) we use against each other. We have
removed 95% outliers since they may not be representa-
tive of the population and could affect the prediction of
the redshift. This matrix includes the logarithms of the
observed redshift, the prompt Fluence, T90, the prompt
peak flux, the plateau X-ray flux, logFX,a, its duration,
log Ta, and the hydrogen column density, logNH, and
the following variables in linear scale: the prompt pho-
ton index, the photon and spectral indicies (assuming
a simple power-law spectrum), Γ, and β, of the X-ray
afterglow and plateau emissions, respectively, and the
temporal decay index after the plateau, α.

Some of these variables have clear correlations, which
are related to phenomenological relations, such as the
tri-dimensional Dainotti et al. (2016, 2017c) relation be-
tween the plateau luminosity and rest frame duration,
La and T ∗

a , and prompt peak luminosity, Lpeak and the
various spectral hardness- luminosity relations (Schaefer
& Collazzi 2008), for recent reviews on correlations see
Dainotti & Del Vecchio (2017b), Dainotti et al (2018),
Dainotti & Amati (2018). In addition to these relations,
we also note a strong correlation between prompt fluence
and peak flux, and between afterglow Γ and β. The se-
lection of the variables and the selection cuts is based on
our knowledge of the parameters at play. For example,
since we are using data from Swift in the BAT (15− 150
keV) energy range we do not use the peak energy, Epeak,
values since for the majority of cases the determination
of Epeak may not be reliable due to the small energy
range sampled. We also performed the following selec-
tions cuts: log Ta ≥ 1, since values smaller than this
limit are fitting error dominated so that no plateau fea-
ture can be reliably identified. Non-physical values of
β < 0 and Γ < 0 and logNH < 20 were also removed.
Since long and short GRBs have different progenitors,
as confirmed by the discovery of the gravitational wave
associated with 170817 (Troja et al. 2017), we choose to
perform the analysis using only long GRBs with T90 ≥ 2
s. To additionally remove outliers that might not be
representative of the full sample, we applied the proce-
dure of principal component analysis (PCA) and fitted
a multivariate normal distribution to the set of princi-
pal components. We eliminated GRBs which fall in the
5% tail of this distribution. We adopted this procedure
so that we are confident that our sample is statistically
representative of the full distributions of all parameters.



We started with a sample of 229 GRBs, detected from
January 2005 to February 2019, after the first selection
cuts described above we retain 185 GRBs, and after the
application of the PCA cuts we are left with a sample of
171 GRBs.

3. Methodology

In our analysis we have used predictive data mining, also
called supervised learning. It is based on prior knowledge
of a ‘training’ data set on which we can build models
that will predict the relations in a new “test” data set.
In our analysis we have used supervised machine learn-
ing tools which employ regression. Within regression
methods, we have used parametric, semi−parametric
and non−parametric approaches. We use the Super-
learner which includes Linear regression, Extreme Gra-
dient boosting, the least absolute shrinkage and selection
operator and Generalized additivide model. We give a
brief description of each model below.

Linear regression for a univariate response variable,
Y and a vector X = (X1, . . . , Xp) of explanatory vari-
ables X, fit the following relation: f(x1, . . . , xp) =
β0 +

∑p
i=1 βixi. The independent variables, namely the

GRB variables of our choice, and the fitting parameters,
βi, are determined from a training set with the Akaike
information criterion (AIC).

In the semi-parametric generalized additive models
(GAM), Y is related to the predictors, x1, . . . , xp through
the additive model f(x1, . . . , xp) = β0 +

∑p
i=1 βifi(xi).

The functions f may have some specified paramet-
ric form (e.g., a polynomial) or may be estimated
non−parametrically, simply as ‘smooth functions’. In
this method, interactions between different predictors
can be included. An interaction may arise when there
are two or more explanatory variables and the influence
of some of them on the response variable depends on the
other explanatory variables. Extreme Gradient boost-
ing techniques are non−parametric approaches based
on multiple regression trees to increase their predictive
power. Differently from GAM, models constructed by
extreme gradient boosting are not tractable analytically.
We have also tested LASSO (least absolute shrinkage and
selection operator) for linear models with interaction.
This method allows selection of a subset of predictors
and discards the rest. Since we have experienced that
each method performs optimally in different regions of
the parameter space, we decided that instead of choosing
a particular model, we fully exploit all methods available
for use in the SuperLearner package.

SuperLearner is an algorithm that uses internal 10-fold
cross-validation to estimate the performance of multiple
machine learning models, or the same model with differ-
ent settings. To test the performance of our results and
to estimate the prediction error we used an external layer

of cross-validation, also called nested cross-validation.
Namely, we performed 10-fold cross validation repeat-
edly 100 times. This type of cross-validation involves
partitioning a sample of data into complementary sub-
sets (in this case 10), performing the analysis on 9 out of
10 data sets (training sets) of the full data set, and vali-
dating the analysis on the remaining 1 testing set. The
procedure is repeated iteratively so that each set of the
10 will be used as test set and the remaining as training
sets and the results of the prediction are averaged over
the number of runs (in this case 100). SuperLearner
then creates an optimal weighted average of those mod-
els, e.g. an ensemble, using the test data performance.
Namely, the SuperLearner provides coefficients to inform
of the weight, Ai or importance of each individual learner
in the overall ensemble. By default the weights are al-
ways greater than or equal to 0 and sum to 1. This
approach has been proven to be asymptotically as ac-
curate as the best possible prediction algorithm tested.
We use risk as a measure of model accuracy or perfor-
mance and choose the optimal configuration by minimiz-
ing the resulting risk, which means the model is making
the fewest mistakes in its prediction, i.e., it minimizes
the mean-squared error in a regression model. We used
the functions implemented in the statistical software R,
particularly the SuperLearner package.
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