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ABSTRACT
Fast Radio Bursts (FRBs) are a promising tool for studying the low-density universe as their dispersion measures (DM) are
extremely sensitive probes of electron column density. Active Galactic Nuclei (AGN) inject energy into the intergalactic medium,
affecting the DM and its scatter. To determine the effectiveness of FRBs as a probe of AGN feedback, we analysed three different
AGN models from the EAGLE simulation series. We measured the mean DM-redshift relation, and the scatter around it, using
2.56 × 108 sightlines at 131 redshift (𝑧) bins between 0 ≤ 𝑧 ≤ 3. While the DM-redshift relation itself is highly robust against
different AGN feedback models, significant differences are detected in the scatter around the mean: weaker feedback leads to
more scatter. We find ∼ 104 localised FRBs are needed to discriminate between the scatter in standard feedback and stronger,
more intermittent feedback models. The number of FRBs required is dependent on the redshift distribution of the detected
population. A log-normal redshift distribution at 𝑧 = 0.5 requires approximately 50% fewer localised FRBs than a distribution
centred at 𝑧 = 1. With the Square Kilometre Array expected to detect > 103 FRBs per day, in the future, FRBs will be able to
provide constraints on AGN feedback.
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1 INTRODUCTION

Fast Radio Bursts (FRBs) are a newly discovered type of bright (∼1
Jy), millisecond radio transient (Lorimer et al. 2007; Thornton et al.
2013). See Petroff et al. (2019, 2021) and Cordes&Chatterjee (2019)
and references therein for detailed reviews of FRBs.
In the short time since their discovery, FRBs already appear to

be a promising tool for studying the cosmology and baryon struc-
ture of the Universe (Bhandari & Flynn 2021). Recently, using FRBs
with localised host galaxies, Macquart et al. (2020) was successful
in finally detecting the ‘missing baryons’ in the low-redshift inter-
galactic medium (IGM). In addition, FRBs have also been proposed
as probes for many areas of astrophysics including (but not limited
to) constraining the timescales of helium reionisation (Caleb et al.
2019; Linder 2020; Bhattacharya et al. 2021), measuring cosmolog-
ical parameters (Wu et al. 2020) and determining the strength of
intergalactic magnetic fields (Akahori et al. 2016; Hackstein et al.
2019). In this Letter we propose using FRBs for studying the Active
Galactic Nuclei (AGN) feedback efficiency of galaxies.
AGN feedback plays a pivotal role in the evolution of galaxies.

AGN inject energy and material into the IGM due to the accretion of
material onto their supermassive black holes (Rees 1984). The energy
released from this accretion is injected into the interstellar medium,
heating the cold gas, and suppressing the next generation of star
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formation (Scannapieco et al. 2005; Croton et al. 2006). As a result,
AGN have been shown to impact a large number of galaxy properties
(Schaller et al. 2015; Dubois et al. 2016; Pillepich et al. 2018). Hence,
constraining the strength and efficiency of AGN feedback is critical
for galaxy formation models. A consequence of AGN feedback is the
energy and material injected into the IGM changes the distribution
of free electrons around galaxies.
One of the key observable properties of FRBs is their disper-

sion measures (DMs) which are a measure of the integrated line of
sight electron column density. The DMs of FRBs act as extremely
sensitive probes of the low-density, ionised gas in the intergalactic
and circumgalactic medium around galaxies and could potentially be
used to constrain AGN feedback.
In Batten et al. (2021) (B21 hereafter), we used the EAGLE simu-

lations and measured the slope of the DM-𝑧 relation (also known as
the Macquart relation) and the width and shape of the scatter around
the mean. In this Letter we expand on the work in B21 and use the
EAGLE simulations to determine whether FRBs are a suitable probe
formeasuring the efficiency of AGN feedback. In particular, theAGN
contribution to the baryon cycle as it influences the amount of gas
ejected over large length scales and recycling times.
This Letter is organised as follows. Section 2 introduces the

EAGLE simulations and the differences between the AGN feedback
models. The production of dispersion measure maps is briefly de-
scribed in Section 3 (for full details see B21). In Section 4 we present
the number of FRBs necessary to discriminate between the EAGLE
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2 A. J. Batten et al.

AGN feedback models. We also determine redshifts of FRBs that are
the most powerful for constraining AGN feedback in EAGLE. We
summarise the conclusions in Section 5.

2 THE SIMULATIONS

The Evolution and Assembly of GaLaxies and their Environments
(EAGLE) simulations are suite of high-resolution, cosmological, 𝑁-
body/hydrodynamic simulations (see Schaye et al. 2015, Crain et al.
2015 and McAlpine et al. 2016). These simulations were run using
a modified version of the smooth particle hydrodynamic (SPH) code
gadget-3, last described in Springel (2005). EAGLE adopts a Planck
Collaboration (2014) Lambda-Cold Dark Matter (ΛCDM) cosmol-
ogy with the following parameters: Ω𝑚 = 0.307, ΩΛ = 0.693, Ω𝑏 =

0.04825, 𝐻0 = 67.77 km s−1 Mpc−1, 𝜎8 = 0.8288, 𝑛𝑠 = 0.9611 and
𝑌 = 0.248. The simulation cubes we discuss in this Letter were run
with volumes of 50 cMpc per side and employed a maximum grav-
itational softening length of 0.7 pkpc. Process that occur on scales
that are unresolved in EAGLE are implemented through a set of ‘sub-
grid’ models. These sub-grid models include: radiative gas cooling,
hydrogen and helium reionisation, star formation, stellar evolution
and mass-loss, star formation feedback, black holes and AGN feed-
back. These sub-grid models are described in full in Schaye et al.
(2015) and Crain et al. (2015). However, since the AGN prescription
is critical for this work, we will provide details of its implementation.
The AGN feedback in EAGLE is implemented through a single

mode, where energy is stochastically injected to neighbouring par-
ticles as thermal energy (see Booth & Schaye 2009). Black hole
particles of mass 105ℎ−1 M� are seeded in galaxy halos once they
have grown to a mass of 1010ℎ−1 M� . The black hole particles are
then allowed to grow by accreting neighbouring gas particles and
through merging with other black holes. As the black hole accretes
material it stores energy in a reservoir, 𝐸BH. After each timestep, Δ𝑡,
Δ𝐸 = 0.015 ¤𝑚accr𝑐2Δ𝑡 is added to the reservoir where ¤𝑚accr is the gas
accretion rate. Once the black hole has accreted enough material that
the energy stored in its reservoir is enough to raise the temperature
of at least one neighbouring particle by Δ𝑇AGN, each neighbouring
particle is then stochastically heated. The probability of a particle
being heated is

𝑃 =
𝐸BH

Δ𝜖AGN𝑁ngb
〈
𝑚𝑔

〉 , (1)

where Δ𝜖AGN is the energy increment per unit mass corresponding
to a temperature increment of Δ𝑇AGN, 𝑁ngb is the number of neigh-
bouring gas particles, and

〈
𝑚𝑔

〉
is their mean mass. The black hole

timestep was also limited to aim for probabilities of 𝑃 < 0.3.
In this Letter, we have used three different AGN feedback models

from EAGLE with identical initial conditions, box sizes and res-
olutions (L0050N0752). These include runs with feedback that is
stronger but more intermittent (AGNdT9; Δ𝑇AGN = 109) relative
to the Reference feedback (Ref; Δ𝑇AGN = 108.5), and a run with-
out AGN feedback (NoAGN). Ref was calibrated to reproduce the
redshift-galaxy stellar mass function, disk galaxy sizes and the black
hole-stellar mass relation. Increasing Δ𝑇AGN increases the energy
required in the black hole reservoir before neighbouring particles
are heated; meaning more energetic but more intermittent feedback
(Crain et al. 2015; Schaye et al. 2015). We note that while NoAGN
does not reproduce a realistic galaxy population, both Ref and AG-
NdT9 models do match observations. If FRBs are able to discrimi-
nate between Ref and AGNdT9, this would indicate they are able to
provide a constraint not easily obtained from existing observations.

3 METHODS

We have computed the DM-𝑧 relation and produced DMPDFs at 131
redshift bins between 0 ≤ 𝑧 ≤ 3.016 for three simulations in EAGLE
with different AGN feedback implementations: RefL0050N0752,
NoAGNL0050N0752 and AGNdT9L0050N0752 (Ref, NoAGN and
AGNdT9 hereafter). We have used the method as described in B21
for producing the integrated DM maps (see also Section 2.2 of Wi-
jers et al. 2019). However the notable difference in this work is that
we have used simulations with a smaller box size (50 cMpc per side
instead of the 100 cMpc used in B21). The smaller box size reduces
the number of lines of sight to 160002 (2.56 × 108) keeping the area
of each column fixed at 3.1252 ckpc2.
We have summarised the method in B21 as follows:

(i) We post-processed the EAGLE simulations to obtain number
density of hydrogen (H) and helium (He) ions.
(ii) We producedmaps ofDMby summing along columns of fixed

area to obtain the column density of H and He ions and converted
them into electron column densities.
(iii) To obtain continuous lines of sight out to redshift 𝑧 = 3, we

produced 131 interpolated DMmaps evenly spaced by 50 cMpc (the
width of each box).
(iv) Each line of sight was randomly assigned to new positions in

the map to minimise periodic repeating structure before computing
the cumulative sum along redshifts.
(v) Finally, we computed DM probability density functions for

each of the 131 redshift bins.

4 RESULTS

4.1 The mean and scatter around the Macquart relation

In the first and second panels of Figure 1, we plot the mean cosmic
dispersionmeasure (〈DMcosmic〉) against redshift and the relative dif-
ference for the three AGN feedback models. We find that the DM-𝑧
relations for the three AGN feedback models are practically indistin-
guishable, with relative differences (compared to Ref feedback) of
< 0.5% and < 2.5% for AGNdT9 and NoAGN respectively. This in-
dicates that the DM-𝑧 relation is extremely robust against differences
in feedback at all redshifts between 0 ≤ 𝑧 ≤ 3. This is result is also
strongly converged with resolution and box size and is consistent
with the DM-𝑧 relations from Inoue (2004), Jaroszynski (2019) and
Macquart et al. (2020) (see B21).
In the third and fourth panels of Figure 1, we plot the standard

deviation, 𝜎, (𝜎var in B21) around the mean 〈DMcosmic〉 and relative
differences between models. We define 𝜎 as

𝜎2 (𝑧) =
𝑁bins∑︁
𝑖=0

(DM𝑖 − 〈DMcosmic〉)2𝑃(DM𝑖 |𝑧)ΔDM𝑖 , (2)

where DM𝑖 is a bin value, 〈DMcosmic〉 is mean of the PDF at redshift
𝑧, 𝑃(DM𝑖 |𝑧) is the probability of a line of sight with DM𝑖 at redshift
𝑧 and ΔDM𝑖 is the width of the bin.
The NoAGN and AGNdT9 feedback models have the largest and

smallest 𝜎 at all redshifts between 0 ≤ 𝑧 ≤ 3. This indicates that
weaker AGN feedback leads to a larger 𝜎. This could be explained
by the stronger feedback increasing the number of electrons in the
IGM through baryons being ejected from galaxies more efficiently
and the higher temperatures ionising the existing gas in the IGM.
This change in number of electrons in the IGM is also not enough to
significantly change the 〈DMcosmic〉 significantly.
The relative difference between the 𝜎 in Ref and the other models

MNRAS 000, 1–5 (2021)



FRBs as probes of feedback from AGN 3

Figure 1. Top: The mean DMcosmic at each redshift for each for each of the
simulations. Ref is the reference feedback model used in EAGLE, AGNdT9 is
the stronger but more intermittent feedback model and NoAGN is the model
with no AGN. Second: The relative difference in the mean DMcosmic to the
Ref model. ΔDM = DMcosmic,model − DMcosmic,Ref . Third: The standard
deviation (𝜎) around 〈DMcosmic 〉. Bottom: The difference in the standard
deviation (Δ𝜎) between simulations relative to Ref.

is roughly flat, but slightly decreasing with increasing redshift. At
low-redshift (𝑧 < 0.5), Δ𝜎/𝜎 is approximately 10%, but drops to
5% by redshift 𝑧 = 3.0.
This variation in 𝜎 between feedback models suggests that by

measuring the scatter around themeanDM-𝑧 relation of FRBs, it may
be plausible to place observational constraints on AGN efficiency,
particularly those used in simulations.

4.2 Required number of localised FRBs

To determine the number of localised FRBs that would be required
to discriminate between these AGN models we use an Anderson-
Darling k-sample test (A-D test). We have used an A-D test rather
than a Kolmogorov–Smirnov test (K-S test) because the A-D test
gives a higher weighting to the tails of the distribution. As shown
in Figure 2 and B21, the PDFs are significantly non-Gaussian and
have long tails towards high DM values. When we refer to ‘localised’
FRBs, we mean FRBs with an independently measured redshift.
We generated 106 FRBs (𝑁sample,total) for each of the AGN feed-

back models. The FRBs were drawn from a redshift distribution with
their DMs sampled from the DM PDF of the feedback model. As
the true underlying FRB redshift distribution is unknown, we have
explored two models to compare the effects of different underly-
ing populations. The two redshift distributions we have explored are
a log-normal distribution with a mean at 𝑧 = 0.495 (𝜇 = 5.987,
𝜎 = 0.66 in log-space), and a second log-normal distribution with a
mean at 𝑧 = 1 (𝜇 = 6.690, 𝜎 = 0.66 in log-space).
The log-normal distribution with a mean at 𝑧 = 0.495 is based

on the best fit to the observed FRB DM distribution as measured
by The CHIME/FRB Collaboration et al. (2021). The observed DM
distribution appears to fit a log-normal distribution with a mean
〈DM〉 = 495 pc cm−3 and 𝜎 = 0.66 (in log-space). We used the
crude approximation that DM = 1000𝑧 to fix the mean of our redshift
distribution at 𝑧 = 0.495, also using 𝜎 = 0.66. We note that we
have not corrected for the Milky Way and host galaxy components
however those corrections are small (both the Milky Way and host
galaxy components are approximately 30 pc cm−3). If we were to
remove the Milky Way and host galaxy components, this would be
equivalent to using a log-normal distribution with 𝜇 = 5.85 and leads
to a small change on the estimation of 𝑁loc (< 30% reduction).
We emphasise that this model is to simply broadly reproduce a

realistic DM distribution. The second log-normal distribution is the
same as the first but with the mean shifted to 𝑧 = 1.
We performed an A-D test on a sub-sample of 𝑁loc FRBs from

the larger 𝑁sample,total sample. Here 𝑁loc ranges from 10 − 105.
We have ensured that the FRBs selected in both models are from
the same redshifts (although independently sampled from the DM
PDFs). We repeat the A-D test 104 times, including resampling 𝑁loc
from 𝑁sample,total each time. Finally, we calculated the mean and
standard deviation of A-D test statistic. We note that in rare cases
when the A-D test returns a p-value of 𝑝 < 0.001, the test stat is
capped at 6.546, leading to the mean test statistic being very slightly
underestimated1. However, this makes no significant difference on
our results.
In Figure 3 we plot the A-D test statistic against 𝑁loc. These plots

shows the number of localised FRBs that are required distinguish
between the PDFs of the model pair; up to a given significance level.
The top and bottom panels are the log-normal centred at 𝑧 = 0.495
and log-normal centred at 𝑧 = 1 redshift distributions respectively.
The solid coloured line is the mean A-D test statistic after 104 tests
and the shaded regions are the 1𝜎 (68%) confidence intervals. The
grey horizontal, dotted lines are the significance levels of the A-D test
statistic. For the purposes of this Letter, we define that it is possible
to distinguish between the two if the A-D test statistic > 1.961 (95%
significance level).
The two feedback models that can be distinguished with the least

number of FRBs are NoAGN and AGNdT9. This is an intuitive result
because these models are the ‘most different’ from each other (i.e No

1 This is due to the functionality in scipy.stats.anderson_ksamp.

MNRAS 000, 1–5 (2021)
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Figure 2.DMPDFs for each of theAGN feedbackmodels at redshift 𝑧 = 1.01.
Ref is the reference feedback implemented in EAGLE, tuned to reproduce
present day galaxies. AGNdT9 is AGN feedback that is more energetic and
intermittent than Ref. NoAGN has no implementation of AGN feedback.

AGN vs strong AGN, see Figure 4) and thus distinguishing between
them should should require the least FRBs. Of the order 102.6−103.6
(depending on the redshift populations of FRBs) FRBs are required
to discriminate betweenNoAGN andAGNdT9. A similar but slightly
higher number of FRBs is required for NoAGN and Ref.
However, discriminating between the two different strengths of

AGN feedback requires significantly more FRBs. The log-normal
(𝑧 = 0.495) redshift distribution required approximately 104 lo-
calised FRBs to discriminate between the Ref and AGNdT9 models.
The number of FRBs increases by an order of magnitude to 105 if
the redshift distribution is shifted to 𝑧 = 1.0. At a rate of 5 FRB
localisations and redshifts per day, it would only take approximately
5.5 years to reach 104 FRBs. With the upcoming Square Kilometre
Array (SKA) expecting to detect 103 FRBs per day with redshifts
𝑧 > 1 (Hashimoto et al. 2020), it will be likely that there will soon
be enough FRBs to place constrains on AGN feedback.

4.3 Optimal redshift for localised FRBs

We now determine the redshift at which FRBs are most effective at
constraining AGN feedback. A proxy for the redshift at which FRBs
are the most effective, i.e. when the DM PDFs are most different,
is a measure of their ‘distance’, DAB. We define the distance DAB
between the PDF of model 𝐴 and model 𝐵 as,

DAB (𝑧) = Max ( |CDFA (𝑧) − CDFB (𝑧) |) , (3)

where CDFA (𝑧) and CDFB (𝑧) are the DM CDFs for AGN feed-
back model 𝐴 and 𝐵 at redshift 𝑧 respectively. TheDAB between two
models is equivalent to the K-S statistic between the model PDFs. A
larger value of DAB indicates that the models are more different.
In Figure 4, we plot DAB for each pair of models at each redshift.

For each model pair, DAB rapidly increases with distance, peaking
at redshift 𝑧 = (0.32, 0.26, 0.18) for Ref-NoAGN, NoAGN-AGNdT9
and Ref-AGNdT9 respectively, and then declining with a long tail.
The peaks indicate that FRBs at redshift 𝑧 ≈ 0.2 would be the most
powerful in regards to constraining AGN feedback.

Figure 3. Top: The number of localised FRBs required to discriminate
between AGN feedback models assuming an underlying FRB population
follows a log-normal distribution with a mean redshift of 𝑧 = 0.495
(𝜇 = 5.987, 𝜎 = 0.66 in log-space). The solid coloured lines are the mean
significance level achieved using 104 Anderson-Darling k-sample tests and
the shaded regions are the 1𝜎 (68%) confidence intervals. Ref is reference
feedback, NoAGN is no AGN feedback, AGNdT9 is stronger but more in-
termittent AGN feedback. The grey horizontal dotted lines are the A-D test
statistic converted into a significance level. Bottom: The same as the mid-
dle panel except the mean of the log-normal distribution has been shifted to
𝑧 = 1.0 (𝜇 = 6.690, 𝜎 = 0.66 in log-space).

5 CONCLUSIONS

In this Letter we have explored the possibility of using FRBs to probe
and constrain the AGN feedback of galaxies. In particular, feedback
that contributes to the baryon cycle; the amount of gas ejected and
the timescales for removal and recycling of material. Our analysis of
three different AGN feedback models in the EAGLE simulation suite
has led to the following conclusions:

• The DM-𝑧 relation (Macquart relation) for FRBs is extremely
robust against changes to AGN feedback models. The three different
AGN feedback models (reference feedback, no feedback, stronger
but more intermittent feedback) tested produced extremely similar
DM-𝑧 relations (<2.5% difference).

• The scatter around the DM-𝑧 relation varies between feedback
models. At low redshifts (𝑧 < 0.5) the standard deviations differ by as
much as 10%, but the differences decreases with increasing redshift.

• Using an Anderson–Darling k-sample test we determined that
approximately 104 localised FRBs with redshifts will be needed to

MNRAS 000, 1–5 (2021)
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Figure 4. The KS distance metric, DAB, between the PDFs of each model
pair. Larger values of DAB indicate the models PDFs are more different.
The peak value of DAB occurs at redshift 𝑧 = (0.32, 0.26, 0.18) for the
Ref-NoAGN, NoAGN-AGNdT9 and Ref-AGNdT9 model pairs respectively.

discriminate between the Reference feedback in EAGLE and the
stronger & intermittent feedback. At a rate of 5 localised FRBs per
day, it will only take 5-6 years to reach 104 FRBs.

• The differences between the DMPDFs peaks at redshift 𝑧 ≈ 0.2.
This suggests that FRBs at redshift 𝑧 ≈ 0.2 provide the highest
constraining power on AGN feedback models.

In the future we will need more large box cosmological simulations
with varying feedback models to created ‘grids’ of parameter space
that can be constrained by FRBs.
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