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ABSTRACT
The broad line region of quasars has long been probed by reverberation mapping techniques that measure time lags between
continuum and broad emission line variations. Stacked reverberation mapping has been proposed as a less observationally
expensive alternative to traditional methods. This ensemble approach also reduces biases from small-number statistics. The
Dark Energy Spectroscopic Instrument (DESI) is conducting the most extensive spectroscopic survey of quasars to date. We
create mock light curves emulating expected DESI quasar observations at redshifts 1.48 < z < 5.2 and luminosities 44.68 ≤
logλL1350/ergs−1 ≤ 45.99 to test stacked reverberation mapping feasibility using sparse spectroscopic data paired with well-
sampled photometric data. The pipeline, using the lag estimation code JAVELIN, successfully recovers the simulated C IV lags
within one sigma of the true values using spectroscopic light curves composed of only a few spectral epochs (2-10) with
irregular cadences. We investigate how observational factors, including C IV flux error magnitude, number of stacked quasars,
and spectral epoch count, affect performance. This work motivates a pathway for future stacked reverberation mapping projects
with large scale spectroscopic surveys of quasars having ≥ 2 spectroscopic observations. Our results suggest an economical
alternative for constraining and extending the radius-luminosity relation to higher redshifts and luminosities. Subsequently, this
relation can be employed more reliably in single-epoch black hole mass measurements and quasar cosmology in these distant
regimes.

Key words: galaxies: quasars: general – galaxies: quasars: supermassive black holes

1 INTRODUCTION

Extremely luminous active galactic nuclei (AGN) known as quasars
are powered by the transfer of gravitational potential energy into ra-
diation as material is accreted onto a central supermassive black hole
(SMBH). The instabilities in the accretion process are observed as
variations in luminosity across all wavelengths (e.g., Vanden Berk
et al. 2004). The source of this variability is still under discussion,
but the accepted understanding is that it is due to a fluctuating ac-
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cretion rate, amongst other factors (Ulrich et al. 1999; Czerny et al.
1999; De Cicco et al. 2022; Wu et al. 2024). The ionizing contin-
uum emission sourced in the accretion disc is reprocessed by the
orbiting dense clouds of gas in the broad line region (BLR) which
appears as broad emission lines in the quasar’s spectrum due to their
high-velocities.

The compact structure of a quasar makes it difficult to resolve with
imaging techniques. Thus, Reverberation Mapping (RM) has been
developed to resolve cores in the time domain instead, enabling in-
vestigation of the dynamics and physical conditions of these regions.
This is done by exploiting the variability of AGN, traced out by con-
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structing light curves of the continuum and the broad emission lines.
Since the latter are but reverberations responding to the former we
can deduce a correlation and a time lag, τ , between them. Measur-
ing this lag allows us to directly infer the mean physical distance,
symbolized by RBLR ∼ cτ , which the light travelled during the av-
erage time τ between the continuum emitting accretion disc and the
photoionised clouds in the BLR (Bahcall et al. 1972; Blandford &
McKee 1982). There are several assumptions implied by this simple
equation, including: that the continuum we observe is from a single
point source and is directly related to the ionizing radiation, the gas
properties and photoionisation models (e.g., Panda 2022), that the
light travel time is the dominant timescale contributing to the time
lag (Peterson 1993), and that the standard AGN model applies to
every system we observe (Rosborough et al. 2023).

In practical terms, RM is the derivation, using mathematical or
computational methods, of the transfer function that transforms the
observed continuum light curve to the observed emission line light
curve. This transfer function, often denoted as Ψ, contains infor-
mation about the BLR’s geometry, kinematics, and inclination an-
gle (Horne 2003; Collin et al. 2006; Pancoast et al. 2011, 2014) and
several forms and parameterisations have been investigated e.g., top-
hat, Gaussian, and exponential (e.g., Li et al. 2016a). The main pa-
rameter of the transfer function is the time lag, and the majority of
studies have focussed on measuring this.

In the past, RM has been successful when monitoring AGN on
a source-by-source basis which is observationally expensive (Horne
et al. 2002). These studies target low redshifts and low luminosities
using low ionisation lines such as Hβ (Denney et al. 2010; Rafter
et al. 2013; Barth et al. 2015; Hu et al. 2015; Du et al. 2016). RM
of high redshift and high luminosity quasars with high ionisation
lines such as C IVλ1549Å has been attempted too (Trevese et al.
2014; Jiang et al. 2016; Kaspi et al. 2021) but retrieving a robust
lag measurement has been more difficult and rarer. C IV is a UV
line which, when observed with ground-based telescopes, can only
be seen in high redshift quasars. Such quasars require extensive ob-
servational campaigns in order to measure a time lag since the lag
is cosmologically time dilated. Although it has been found that high
ionisation lines have shorter rest-frame lags than low ionisation lines
due to stratification of the BLR (Horne et al. 2021), when observing
them in high redshift sources their redshifted observed frame lag is
longer than the observed frame lag of low ionisation lines found in
low redshift sources (Kaspi et al. 2007). This means that RM of high
ionisation lines is limited by the requirement of longer observation
programs to measure a reliable lag.

To date, robust RM lag measurements have been made for dozens
of quasars leading to the finding of a tight correlation between RBLR
and the monochromatic luminosity of the quasar, the R-L relation, in
the form:

log(RBLR) = a log(Lcont)+b (1)

where a and b are constants (e.g., Kaspi et al. 2005; Bentz et al.
2013). The R-L relation is used to calibrate mass-scaling relations to
estimate single-epoch BH masses (e.g., Kollmeier et al. 2006; Pan
et al. 2025). It also has potential for transforming quasars into stan-
dardisable candles as an upcoming probe for cosmology (Watson
et al. 2011; Panda et al. 2019; Martínez-Aldama et al. 2019; Czerny
et al. 2023a; Jaiswal et al. 2024). For any given line, we need a statis-
tical sample of lag measurements to constrain the R-L relation. The
usage of this relation requires further investigation with a larger and
more diverse sample of quasars.

In an effort to achieve this, RM schemes have been constructed by
both the Sloan Digital Sky Survey Reverberation Mapping program

(SDSS-RM) and the Australian Dark Energy Survey Reverberation
Mapping project (OzDES-RM) to produce a statistical sample of
time lags. The observation of hundreds of AGN within these multi-
object RM surveys has significantly contributed to expanding the
previously small RM populations and advancing our understanding
of quasar properties (King et al. 2015; Shen et al. 2016; Grier et al.
2019; Hoormann et al. 2019; Homayouni et al. 2020; Yu et al. 2021;
Malik et al. 2023). This research has paved the way for the develop-
ment of an array of time lag measurement techniques. These include
techniques that 1) do not assume a parametric form for the trans-
fer function Ψ nor a model for variability, such as cross-correlation
function analyses, and 2) those that do assume a parametric form for
Ψ as well as a damped random walk (DRW) model for continuum
variability such as Bayesian Markov Chain Monte Carlo (MCMC)
codes. However, limitations still lie in low signal-to-noise data, in-
tensive observations still yielding limited sampling of light curves
(Malik et al. 2022), and challenges in recovering reliable time lag
measurements (Li et al. 2019; Penton et al. 2022), all of which are
more profound for high ionisation lines like C IV which require long-
term observational campaigns.

Photometric RM has been conducted successfully to measure ac-
cretion disc lags (Haas et al. 2011; Yu et al. 2020a; Kovačević et al.
2022; Pozo Nuñez et al. 2023). Photometric RM of the BLR has also
been attempted as a less expensive option for obtaining emission
light curves than spectroscopy (Zu et al. 2016) and is a promising
tool considering surveys such as LSST are underway (Ivezić et al.
2019). For example, Panda et al. 2024 demonstrated the possibil-
ity of bypassing the difficulties of high redshift RM by using scaled
photometric accretion disc lags. Yet, methods to retrieve accurate
lags from photometry are still less developed (Read et al. 2020).

An attempt to circumvent insufficient spectroscopic light curves
has been sought in Stacked Reverberation Mapping proposed by
Fine et al. (2012) and confirmed by Fine et al. (2013). By combining
the time lags measured for individual quasars with similar physical
properties, an average time lag with a higher statistical significance
can be calculated. This boost in signal-to-noise ratio (SNR) of the
time lag is achieved by leveraging data in a way that traditional in-
dividual measurements cannot, as demonstrated in both SDSS-RM
(Li et al. 2017) and OzDES-RM (Malik et al. 2024) samples. Stacked
RM does not aim to improve upon single source time lags but it is
a statistical technique that aims to provide reliable lags for quasar
populations for which traditional RM is observationally expensive
and challenging for faint sources, restricting the probed luminosity-
redshift-BH mass plane. The most constrained R-L relations have
been restricted to low redshift systems and they have been used to
extrapolate the R-L relation to high redshift systems for single-epoch
BH mass estimation; the assumptions comprised in doing this may
not be valid and may lead to incorrect BH mass measurements.

The advent of Stage IV spectroscopic surveys presents an excit-
ing frontier in quasar RM research. DESI and its prospective suc-
cessor, DESI-II, hold promise in broadening the scope and scale of
quasar RM investigations. DESI’s unprecedented statistical sample
of quasars may enable the development of large scale stacked RM
that is sensitive to quasar diversity.

In this paper, we outline a method for stacked RM with large spec-
troscopic surveys and test its feasibility on simulations by demon-
strating a developed pipeline based on the first year of data from
DESI. We combine the emulated spectroscopic emission line mea-
surements expected from DESI with continuum photometry imi-
tating Zwicky Transient Facility (ZTF) cadence. The pipeline pre-
sented explores a novel procedure for stacked RM.

For the purposes of this project, we focus on RM with the broad
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C IV emission line. It is one of the stronger lines in this regime ob-
served to high redshifts. We are motivated by the poor characterisa-
tion of the R-L relation by high redshift RM thus far, as well as its
use for high redshift quasar cosmology. With traditional RM, multi-
year baselines are needed for C IV light curves which will inevitably
be plagued by seasonal gaps weakening the potency of single-object
RM. What’s more, C IV flux measurements are notoriously challeng-
ing due to the prevalence of an outflow component creating an asym-
metrical non-BLR component and the presence of an Fe II pseudo-
continuum underlying the broad emission line that require additional
efforts to account for. Subsequently, there are currently only of the
order of tens of C IV lags measured by previous studies (Peterson
et al. 2005; Metzroth et al. 2006; Kaspi et al. 2007; Trevese et al.
2014; De Rosa et al. 2015; Lira et al. 2018; Shen et al. 2019; Hoor-
mann et al. 2019; Grier et al. 2019; Kaspi et al. 2021; Penton et al.
2022; Shen et al. 2024).

We aim to assess whether the high luminosity-high redshift
regime with slow variability patterns and expected C IV lags on
the order of several months to a year can be reliably accessed with
stacked RM by constructing mock quasar light curves with known
lags. In turn, we investigate what the limitations of the method are
and suggest an observational strategy accordingly. This inaugural
paper sets up the RM technique that will be applied to DESI data
in a forthcoming paper. Two further studies will also complement
this project. The first is a characterisation of the C IV line for DESI
quasars and an examination of what subset of the quasar population
is suitable for C IV RM. The second is employing this RM pipeline
without the assumption of a cosmology. By deducing cosmology si-
multaneously with the R-L relation, we aim to wield quasars as a
direct probe of cosmology, focusing on the nature of Dark Energy.

This paper is organized as follows. In the next section, we provide
a basic introduction of the physics behind stacked RM. Next, we de-
scribe the DESI survey and what it has to offer towards RM studies
in Section 3. In Section 4, we explore photometric surveys which
could supplement the DESI data and we justify the decision to se-
lect the ZTF survey for simulating the photometric light curves. The
generation of the mock light curve suite made to resemble the ex-
pected quasar population and data available for these two surveys is
described in Section 5. Section 6 details the stacked RM pipeline for
recovering time lags from the simulated light curve pairs making use
of the time lag measurement code JAVELIN. The evaluation of the re-
sults of the pipeline as well as a rigorous investigation to determine
its limitations are presented in Section 7. A thorough discussion of
the use of this method can be found in Section 8. The feasibility of
stacked RM is reinforced in Section 9 by providing an alternative
pipeline using cross-correlation functions. Finally, we conclude our
findings in Section 10.

Throughout the work in this paper we adopt a flat ΛCDM cosmol-
ogy with ΩΛ = 0.7,ΩM = 0.3,H0 = 70 kms−1Mpc−1 when calcu-
lating luminosities. A cosmology-independent setup will be experi-
mented in future work.

2 INTRODUCTION TO STACKED REVERBERATION
MAPPING

The idea of utilising RM to indirectly probe the central engine of
quasars was first proposed by Blandford & McKee (1982) at a time
when the variability of quasars in both continuum and emission lines
was being discovered (also see earlier discussion in Bahcall et al.
1972). RM was first conducted on NGC 5548 (Clavel et al. 1991;
Peterson 1991; Peterson et al. 1992; Dietrich et al. 1993; Reichert

et al. 1994) which confirmed its potential and revealed certain intri-
cacies of AGN structure. Essentially, RM is a means of side-stepping
the hindrances of determining quasar structure in the spatial do-
main by instead exploiting the pervading spectral variability in the
time domain to deduce spatial information indirectly. The micro-
arcsecond angular resolution needed for a telescope to directly re-
solve the structure within the central inner parsec of quasars had
previously not been achievable. This has now been accomplished by
the GRAVITY instrument with which the results of RM have been
independently confirmed (Gravity Collaboration et al. 2018; Lutz
et al. 2024; GRAVITY Collaboration et al. 2024b,a).

Broad emission lines are a defining characteristic of (Type I)
quasar spectra, the Doppler broadening they display is a reflection
of the orbital velocities of their emitting region, known as the BLR,
around the central SMBH. The underpinning concept of RM is that
the broad emission lines emitted by optically thick clouds in the BLR
are the direct consequence of the reprocessing of the ionising contin-
uum from the accretion disc. Hence, any variations seen in the flux of
the broad emission lines are but an echo or reverberation of the flux
variations of the ionising source. The graph that traces the variations
of a particular wavelength of the continuum radiation or the flux of
a particular species of broad emission line over time is known as a
light curve. A comparison between the light curve of the continuum
emitted from the accretion disc and the light curve of the broad emis-
sion line emitted from the BLR reveals a time delay between these
two components and is known as the lag. The variations in the broad
emission line flux lags behind the continuum because the ionizing
continuum radiation had to travel the distance between the accretion
disc and the BLR before it was reprocessed by the clouds therein.
The light-travel time is reflected by a lag we can measure allowing
us to deduce the radius at which the clouds are orbiting around the
central SMBH by the simple relation:

RBLR = τc (2)

where RBLR is the radius of the broad line region, τ is the time lag
found from comparing the two light curves, and c is the speed of
light.

The transfer function Ψ(τ) is the function that transfers the con-
tinuum light curve, C(t), to the broad emission line light curve L(t):

L(t) =
∫

∞

−∞

Ψ(τ)C(t − τ)dτ. (3)

In essence, RM aims to extract the time lag of the transfer function
which characterises the broad emission line response from our light
curve observations (for RM overviews see Netzer & Peterson 1997;
Peterson & Horne 2004).

A major problem in RM is how exactly should the comparison be-
tween the continuum and broad emission line light curves be done in
order to measure a time lag. Several methods have been developed
to measure the time lag which are described in Section 6. A long
list of assumptions have gone into the theoretical set-up of RM, for
example see Peterson (1994). Another set of assumptions are com-
pounded depending on the method you use to measure the time lag.

Before the conception of stacked RM by Fine et al. (2012), all
methods of measuring the time lag had a high dependence upon
well-sampled light curves for their success (see Horne et al. 2002 for
further detail). This requirement has limited the number of quasars
that have undergone RM analysis due to the observational costs that
each one incurs. Moreover, the variability of a quasar is inversely
correlated to the quasar’s luminosity (Cristiani et al. 1997). Deduc-
ing the time lag between two light curves of a highly variable source
is more straightforward than that of a low variability source. This
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has meant that there has been a preference for conducting RM on a
high variability and therefore low luminosity and low redshift quasar
sample. In optical-UV spectra the broad emission lines that appear
at low redshifts include Hα and Hβ ; most forerunning RM studies
had a focus on these lines. Broad emission lines in higher redshift
spectra such as Mg II λ2798Å and C IV have recently also had an
increase in successful RM studies (e.g., Shen et al. 2024).

Stacked RM has been developed with the aim to 1) expand the
number of quasars included in RM studies by greatly reducing the
observational cost, and 2) make RM accessible to the whole quasar
population including high luminosity and high redshift quasars. The
principle is to perform RM on a large ensemble of quasars instead
of on an individual basis. Stacked RM gives us a window into the
structure of quasar sub-populations as opposed to the structure of
individual quasars. The requirement is that a quasar must have at
least two spectroscopic observations to be included, i.e. only two
data points are needed in the broad emission line light curve. A nec-
essary assumption of the stacking process is that all of the quasars
being stacked have similar BLR radii and hence similar lags. As
seen in Equation 1, the radius is dependent on the luminosity of the
quasar and this relationship between them is tight. For example, the
scatter around the Hβ R-L relation was previously found to be as
low as 0.13 dex (Bentz et al. 2013) and more recent studies have
found a scatter of ∼ 0.4 dex (Shen et al. 2024). The quasars con-
tributing to the C IV R-L relation display a larger scatter (∼ 0.5 dex,
Shen et al. 2024) and this spurs further motivation for exploring the
intrinsic and non-intrinsic sources of scatter for C IV. Given little
variation is found between the BLR radii of individual sources of
a similar luminosity, it is therefore necessary to confine the sample
of quasars being stacked to those of similar luminosity. The success
of RM now depends on the curation of a large enough sample of
quasars with similar BLR radii rather than intensive observations.

Each pair of quasar light curves is processed through a time lag
measurement method. Given that lag measurement methods require
well-sampled light curves, the measurement from these sparse light
curves can only be poorly constrained. Stacked RM differentiates
itself from RM by an additional stacking process which is the com-
bination of the quasar’s lag measurements. Each individual lag mea-
surement, although poor, contains a faint signal of the true lag. There
is an assumption made that systematic errors in the signal of indi-
vidual sources is completely suppressed in the stack. The stacking
procedure reinforces the true lag signal with each additional quasar
stacked and, with enough quasars, a reliable time lag can be ob-
tained.

3 DESI

DESI (Levi et al. 2013; DESI Collaboration et al. 2016a,b) is a
multi-object spectrograph installed on the 4m Mayall Telescope at
Kitt Peak National Observatory (DESI Collaboration et al. 2022).
It consists of 5000 fibers that are robotically positioned on targets
covering a ∼8 deg2 field (Silber et al. 2023; Miller et al. 2024; Pop-
pett et al. 2024). The survey footprint will cover 14,000 deg2 visible
from the northern hemisphere. DESI was initially designed to be a
5-year survey but has now been extended to be continue for eight
years. Survey Validation (SV) programs were conducted between
December 2020 and May 2021 before the subsequent beginning of
the Main survey. SV programs were conducted to refine target selec-
tion and so probed a 140 deg2 field repeatedly over many nights to
obtain deeper, high SNR, and more complete data than the Main sur-
vey (Alexander et al. 2023). The sample of quasars contained within

it tend to have an above average number of epochs. SV data was
released as part of the Early Data Release (EDR, DESI Collabora-
tion et al. 2024c,d) and will continue to be included in future data
releases. Year 1 (May 2021 - June 2022) of the main survey data has
been released as Data Release 1 (DR1, DESI Collaboration et al.
2025).

The observed targets are categorized into the following classes:
Milky Way Survey (Prieto et al. 2020), Bright Galaxy Survey (Ruiz-
Macias et al. 2020), Luminous Red Galaxies (Zhou et al. 2020),
Emission Line Galaxies (Raichoor et al. 2020), and quasars (Yèche
et al. 2020). There are additional secondary target classes for when
there are spare fibers unable to point at a primary target due to the ge-
ometry of the robotic fiber positioners. DESI aims to observe three
million quasars (around half of these are already observed in Year
1) quadrupling the known number of quasars prior to the survey.
These quasars are targeted using the Legacy Imaging Survey DR9
(Dey et al. 2019; Chaussidon et al. 2023) which was sensitive down
to r ∼ 23. The DESI spectral range is 3600Å - 9800Å and has a
medium spectral resolution of R > 2100, R > 3200 and R> 4100
for the blue (3600 - 5900Å), green (5660-7220Å), and red (7470-
9800Å) cameras respectively (DESI Collaboration et al. 2022). The
data is processed using the spectroscopic reduction pipeline detailed
in Guy et al. (2023), which performs sky subtraction as well as
flux and wavelength calibration, yielding reliable spectra for inter-
epoch comparison. This is immediately followed by a template-
fitting pipeline named Redrock providing a spectral classification
and redshift estimate for each target on the night of its observation
(Bailey et al. in prep, for the quasar templates see Brodzeller et al.
2023).

Amongst DESI’s key aims is to use spectroscopic redshifts of
each of the target classes to calculate high precision measurements
of Baryon Acoustic Oscillations (DESI Collaboration et al. 2024a)
and Redshift Space Distortions (DESI Collaboration et al. 2024b)
in order to parametrise the nature of Dark Energy. Yet, the quality
and quantity of data DESI collects to achieve this will also provide a
treasure trove for astrophysical studies. DESI observes quasars over
a wide redshift range covering all broad emission lines typically used
for RM such as Hα , Hβ , Mg II, and C IV. Figure 1 presents DESI’s
ability to access these broad lines over a wide redshift range includ-
ing significant overlap between broad emission lines which enables
direct comparison between RM of different emission lines. For ex-
ample, DESI can supplement the study presented in this project on
C IV lags by corroborating the lags and the method used to obtain
them by repeating the pipeline on a statistically significant subset of
our sample which also contains a Mg II broad emission line in order
to evaluate the extent to which C IV lags are in agreement with Mg II

lags.
There are various Value Added Catalogues (VACs) that aid in

exploring DESI data. FastSpecFit (Moustakas et al. in prep) is an
extensive VAC that contains results of spectroscopic fitting of stel-
lar continuum and emission-lines for all extra-galactic targets from
the Redrock files. In the development of the pipeline, we use Fast-
SpecFit VACs for both Main survey and Survey Validation programs
(Iron VAC v2.1) as our parent catalogue for evaluating DESI’s po-
tential for RM.

4 PHOTOMETRIC DATA

The broad emission line light curve requires a spectrum to measure
the emission line flux. On the other hand, the continuum light curve
can be created from photometric observations. The continuum fluxes
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Figure 1. Plot showing the wavelengths at which the typically brighter broad
emission lines found in the DESI spectrum Hα , Hβ , Mg II, and C IV are
situated in the spectrum at a given redshift. The DESI observed wavelength
range is from 3600Å to 9800Å. These lines also indicate the overall redshift
(z) ranges the broad lines are visible in the spectrum. The shaded regions
highlight the redshift ranges in which more than one broad line is present in
the spectrum (Hα and Hβ - purple, Hα and Hβ and Mg II - grey, Hβ and
Mg II -blue, and Mg II and C IV - orange).

need to be dominated by the accretion disc radiation as opposed to
the host galaxy’s starlight. The selection of our C IV quasar sample
means the photometric bands are probing the UV spectrum which is
indeed dominated by the quasars luminosity and has minimal host
galaxy contamination (Vanden Berk et al. 2004). Photometric sur-
veys tend to have far more epochs of observations for their targets
than spectroscopic surveys, which allows us to well characterize the
continuum variations. So, we aim to pair the spectroscopic emission
line data with well-sampled photometric light curves.

We considered various surveys including DECaLS (DESI’s imag-
ing survey), Sloan Digital Sky survey, Panstarrs, DES, KiDS, Gaia,
NeoWISE, and ASAS-SN. Our criteria for evaluation is sky foot-
print overlap with DESI, cadence of observations, and limiting mag-
nitudes to access fainter objects at the high redshifts we are con-
cerned about. In practice, we could utilise different surveys to cover
all magnitude ranges and areas of the sky.

For the study presented in this paper, we have opted to simulate
data from the Zwicky Transient Facility (ZTF, Bellm et al. 2019), an
optical time-domain survey using the Schmidt telescope at Palomar
Observatory designed to measure temporal variability. It scans the
northern sky (declination >-28) every ∼ 2 days in r-band. ZTF’s
excellent cadence and overlap with the DESI footprint, captured
in Figure 2, makes it an ideal survey to source photometric light
curve counterparts to our sample for the continuum variability anal-
ysis. After accounting for ZTF’s limiting magnitude, we expect at
least 80% of our sample to have suitable counterparts, the remaining
mostly lost due to falling outside of the footprint or having too few
points in the light curve (<100). The light curve data analysed in this
work is taken from Data Release 23, which spans from March 2018
to October 2024. We assert the need for >100 epochs per object as
a proxy for having sufficient observations stretched quasi-uniformly
over a long baseline (at least a few times the lag) for reliable lag

estimation (e.g., King et al. 2015). ZTF started operating in March
2018 meaning there will be light curve data points preceding the
first DESI observations far beyond the longest lags we expect to de-
tect, ensuring that the continuum and emission line flux variations
will overlap. Furthermore, the ZTF survey will continue observing
throughout the rest of the DESI survey timeline. ZTF gri bands have
detection limits of g ∼ 20.8, and r ∼ 20.6 mag (AB, 5σ ) (Masci
et al. 2019).

5 MOCKS

A mock pipeline builds confidence in the developed method by
demonstrating that it recovers the expected results when applied to
simulated data for which we know the true time lag. Furthermore,
it allows one to determine the accuracy of stacked RM for different
numbers of quasars with varying data quality. Other RM studies have
conducted similar simulations to test their methods and we have in-
herited many of the techniques from them as presented below (King
et al. 2015; Yu et al. 2020b; Fonseca Alvarez et al. 2020; Malik
et al. 2022; Czerny et al. 2023b). In the following subsections, we
describe the selection process and characterisation of the C IV DESI
quasars sample, how we bin them for stacking, and a description of
the mock light curve generation for the quasars in each bin.

5.1 Survey Assumptions for Forecast and Sample Description

DESI is primarily designed to maximise the number of galaxies and
quasars whose redshifts can be measured for the advancement of
key cosmological objectives. Revisiting of targets on the sky is typi-
cally not prioritised unless it is to obtain a greater spectral SNR. The
DESI main survey aims to undertake nine passes across the foot-
print enabling all 3.4 million quasar targets to be observed over the
lifetime of the eight year survey (DESI Collaboration et al. 2022).
The geometry of the robotic fibre positioners limits the number of
targets observed in a particular field. Therefore, DESI will pass over
the same area of sky multiple times. Each time the objects observed
within a field is changed in order to fill in the gaps and increase cov-
erage. Quasars that lie in the overlapping areas could potentially be
observed multiple times. Of such targets, 0.8 million Lyman-alpha
quasars at z > 2.1 will, by design, be reobserved at least four times
(Schlafly et al. 2023) to improve the SNR of the Lyα forest absorp-
tion. These repeat observations in this redshift range serendipitously
benefits C IV RM studies. Additionally, due to weather and observa-
tion conditions, objects not specifically identified for multiple passes
may end up with exposures split over multiple days. Figure 2 shows
the DESI footprint mapped out by the EDR and DR1 observations;
several regions of the sky have already incurred multiple passes
building up significant data. In this section we describe the use of
the DESI survey data and survey strategy to build mock data with
which we can test the robustness of the stacked RM technique.

In order to characterise the quasars we would use for a DESI RM
program, we define a sample by applying cuts to all targets that are
spectroscopically classed as quasars from DR1. For the C IV line
to appear in the DESI spectrum, along with its blue wing and some
continuum for continuum subtraction, a redshift cut of z > 1.48 is
applied.

Photometric band flux can have a significant contribution from
broad emission lines (e.g., McKinney et al. 2023; Pozo Nuñez et al.
2023). By examining the DESI spectra, we determined that strong
C IV emission lines can contribute up to 30% of the ZTF band flux,
with a median contribution of 13% for high SNR lines. Since we
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Figure 2. The sky coverage for the DESI quasar C IV RM sample used in this feasibility study (refer to the sample description in Section 5.1). The colour map
represents the density of targets. The ZTF sky area for the r-band is shown in the purple block-shaped region with a declination range of −28°< dec < 66°.
Only 1% of the quasar sample lies outside ZTF’s sky coverage.

propose to use photometry data to construct continuum light curves,
we ought to choose the photometric band carefully in order to avoid
broad line contamination that will lead to aliases or a null time lag
detection (Czerny et al. 2023b). Figure 3 illustrates an example of
where the most prominent broad lines, C IV and Mg II, lie in relation
to the ZTF filters for a quasar at redshift 2. The r-band evades both
C IV and Mg II broad lines from falling into its wavelength range
and so for this example we would obtain the r-band light curve to
represent the continuum. In a similar fashion, the photometric band
suitable for each quasar is a function of its redshift. We picked the
band based on redshift ranges in which neither C IV and Mg II of a
typical width contaminate the band, and when more than one band
is available we prioritise bands of high cadence in the order of r, g,
then i, giving the following redshift ranges:

1.67 ≤ z < 2.48 : r-band,

2.48 ≤ z < 2.72 : i-band,

2.72 ≤ z < 3.87 : g-band,

z ≥ 3.87 : r-band.

(4)

Between redshifts 1.48 and 1.67 none of the bands are contaminant
free so this forces us to raise the redshift cut of the sample up to
z ≥ 1.67. Additionally, a magnitude cut is applied to reflect the ZTF
r-band magnitude limit of 20.6 (throughout this paper we use the
AB magnitude system) since the majority of the sample will have
r-band light curves. Figure 4 illustrates these cuts as they appear on
the luminosity-redshift plane of the quasar sample.

To ensure broad line detection and accurate flux measurements,
we apply a SNR > 15 cut for the C IV line calculated using val-
ues from the FastSpecFit VAC (Moustakas et al. in prep). We kept
the SNR cut relatively high as the values produced by FastSpec-
Fit are calculated from coadded spectra so the SNR calculated is
an overestimation of the C IV SNR of individual epochs. This SNR
cut retained 86% of the sample, with an average C IV flux SNR
of 76. If a larger sample is required for the stacking procedure this
cut may be lowered. Finally, we limit the sample to quasars with
≥ 2 observations on separate nights. DESI cumulates spectra of ob-
jects each night through the combination of shorter exposures. Any
repeat observation taken on the same night would be coadded for
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Figure 3. The filter transmission functions for the g, r, and i photometric
bands used in the ZTF survey. The solid black lines provide an example of
the central locations of the observed frame C IV and Mg II emission lines
for an object at a redshift of 2. In this case, it is important we avoid g and
i bands which are contaminated by C IV and Mg II broad lines respectively.
Rather, we pick the r-band to ensure the flux for the continuum light curve is
not affected by bright broad emission lines.

higher SNR. The final sample has 228,937 quasars spanning a red-
shift range of 1.48 < z < 5.2 and a luminosity at 1350Å range of
44.72 ≤ logλL1350/ergs−1 ≤ 47.10.

5.2 Luminosity-Redshift Binning

Binning in luminosity and redshift are chosen as they are factors di-
rectly present in the R-L relation we are using. In reality, the size of
the BLR is not solely dependent on the luminosity but, to a lesser
extent, a range of other factors such as the accretion rate (Martínez-
Aldama et al. 2019). The accretion rate, quantified either by the Ed-
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Figure 4. The luminosity-redshift distribution of the C IV RM sample is dis-
played by the purple colour map and is overlaid with the luminosity-redshift
bins. The samples redshift range is 1.67 < z < 5.23. The redshift (z) lower
limit at z = 1.67 is set by requiring the presence of the C IV broad line in the
DESI spectrum and having a photometric band available without broad line
contamination. The range of the rest frame 1350Å luminosity of the sam-
ple is 44.72 ≤ logλL1350/ergs−1 ≤ 47.10. The r-band magnitude limit at
20.6 mag (imposed by the ZTF r-band sensitivity limit) is shown as the dark
grey limiting curve; the brightest r-band magnitude in the sample is 15.2. 10
equal-population bins are created in luminosity but due to the large width of
of the highest luminosity bin, shown in grey, it is discarded. The next high-
est luminosity bin is further divided into four bins, highlighted in blue. Then
five equal-population bins in redshift are created per luminosity bin, with
3687 quasars per luminosity-redshift bin (in orange), except for the highest
luminosity bins which are only divided into four redshift bins to maintain a
significant sample of 921 quasars per luminosity-redshift bin (in blue).

dington ratio or its equivalent, the dimensionless accretion rate, has
been shown to have a significant influence on the BLR (Wang et al.
2013; Du et al. 2016; Panda & Marziani 2023). Further binning in
accretion rate to reduce lag scatter may be ideal, especially if using
an R-L relation where the accretion rate is a variable. Even so, the
number of variables binned by and the number of bins created are
limited by the sample size. On one hand, the final lag error is re-
duced by creating a bin wide enough to have a substantial number of
quasars for stacking. On the other hand, narrower bins will reduce
the diversity of AGN, and hence BLR radii, meaning that we stack
a narrower range of expected time lags and thus reduce the error in
the final stacked lag. It is important that the right balance must be
achieved.

Bearing this in mind, the sample of quasars is divided into equal-
population bins such that there are an equal number of quasars per
bin for the purposes of stacking. The bins are created to ensure that
the quasars within them are of similar nature and will have similar
sized BLRs. We use the distribution of monochromatic luminosities
at 1350Å, typically used for C IV RM, to create ten bins of lumi-
nosity. These luminosities are derived from the r-band magnitudes
as follows: we compute the synthetic r-band magnitude of the Van-
den Berk et al. (2001) quasar composite spectrum, normalised to an
assumed bolometric luminosity of 1046ergs−1, and integrated over
the ZTF r-band filter transmission curve. This provides the conver-
sion factor from the observed r-band magnitude to monochromatic
luminosity at 1350Å.

DESI’s vast quasar sample enables us to further divide each lu-

minosity bin into five equal-population bins of redshift, resulting
in 3687 quasars per luminosity-redshift bin. This redshift binning
serves two purposes. First, since the R-L relation is not known to
evolve cosmologically (Khadka et al. 2021) and is not part of the
model for the mock light curve simulations, any redshift dependence
we detect would indicate systematic errors in the method. Second,
when applying this method on data in future studies, redshift bin-
ning allows us to test for potential redshift evolution of the quasar
population.

Since we use an equal-population binning approach, the high
redshift-high luminosity bins are inevitably wider as fewer quasars
are observed in these ranges. As such, these bins are more suscepti-
ble to poor time lag measurement. The high luminosity-high redshift
quasar space has a lower density of observations due to limitations
in telescope diameter and observing time. High luminosity sources
are also rarer so require observation of a larger cosmic volume (i.e.,
a larger areal coverage of the survey) to access sizeable populations.
This results in the highest luminosity bin being too wide for the pur-
poses of stacked RM since we can no longer assume the quasars in
this bin have similar lags. In order to restrict the range of lags, we
further divide the highest luminosity bin into five luminosity bins
with four redshift bins each to maintain a significant sample of 921
quasars per luminosity-redshift bin. Within this further binning, we
still discard the highest luminosity bin for two reasons. First, this bin
is still too wide to assume the quasars within it will have similar lags.
Secondly, the quasars in these bins may have very high observed lags
(>1000 days) due to a combination of large BLR sizes and time di-
lation. Plus, high luminosity quasars exhibit less variability which
weakens our ability to measure an accurate time lag (Wilhite et al.
2008; Meusinger et al. 2011). Paired with a high redshift, the vari-
ability is further smoothed out by time dilation. These factors means
that, for the lags of these quasars to be measured, it is especially nec-
essary to have spectroscopic observations spread out further out in
time and extended over a longer period (Kaspi et al. 2021). However,
we are limited by the DESI survey design and baseline to probe this
extremity of the quasar population space.

The bins are presented in Figure 4. In total, there are 61
luminosity-redshift bins (9 luminosity × 5 redshift + 4 luminosity
×4 redshift) and each produces one point on the R-L plot. This bin-
ning is suitable since it guarantees that the lags within each bin are
sufficiently similar for stacked RM to work as well as being well-
populated. We test if the bin size can be further optimised in Sec-
tion 7.5.

Binning the sample in the manner described gives us at least
∼1000 quasars in each bin. It is impressive that DESI DR1 can al-
ready provide so many quasars for each bin. Data from subsequent
years of observation will allow for more prudent choice of quasars
(e.g. those with higher SNR or more spectral epochs). We test how
the number of quasars stacked per bin affects the recoverability of
the time lag in Section 7.3.

5.3 Light curve simulation

We model the variations with a light curve simulation code devel-
oped for the OzDES-RM campaign as described in Penton et al.
(2022). For the main run, 250 mock light curve pairs are simulated
per bin. We stack 250 quasars as a benchmark but this is only a frac-
tion of the thousands of DESI quasars available per bin (see Figure
4), we explore stacking different numbers of quasars in Section 7.3.
The light curve simulation takes into account the intrinsic properties
of quasars in each bin as well as the observational characteristics of
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the DESI survey for the C IV light curve (described in Section 5.1)
and the ZTF survey for the continuum light curve.

There are two steps in simulating the light curves. Firstly, we need
to generate the underlying continuum and emission line light curves.
Secondly, the underlying light curves are sampled to produce the
forecasted observed light curves.

In the first step, the underlying continuum light curve is simu-
lated with a DRW model based on the specified intrinsic properties
of a quasar. A DRW is a random walk which has a restoring term
that constrains this variability about a mean value, imposing a char-
acteristic timescale on the variations. The theory that the observed
continuum variability of a quasar is a stochastic process satisfacto-
rily described by a DRW model is substantiated by most data cur-
rently available (Kelly et al. 2009; MacLeod et al. 2010; Fagin et al.
2024). It is one of the simplest statistical processes which success-
fully mimics a stochastically varying quasar light curve that habitu-
ally saturates at some amplitude (Stone et al. 2022). Quasar variabil-
ity is determined by factors such as luminosity and rest-frame wave-
length. We provide these by characterising each mock object by a
randomly drawn luminosity and redshift within its bin’s bounds. We
verified that the simulated variability matches the continuum vari-
ability of ZTF light curves, for further details see Section 8.2. The
claim that the DRW model satisfactorily describes stochastic quasar
variability and the contended exceptions to it are discussed further
in Section 8.

The emission line light curves are then assumed to be the lagged,
smoothed, and scaled versions of the continuum light curves. The as-
signed luminosity to the mock quasar is also used to calculate the in-
put ‘observed’ time lag using the R-L relation from Hoormann et al.
2019,

logR[days] = 0.82+0.49log
λLλ (1350Å)

1044[ergs−1]
, (5)

and shifting it to the observed frame, where λ is the wavelength set
to 1350Å. This literature C IV R-L relation is fitted from compiled
C IV data sets spanning a luminosity range approximately between
1039ergs−1 and 1048ergs−1 encompassing the luminosity range we
are probing. We will be using the average lag per luminosity-redshift
bin as the target lag to recover in that bin. The standard deviation of
the simulated lags, calculated with equation 5, is ≲ 10% of the aver-
age lag in each luminosity-redshift bin. We use this relation without
adding any dispersion in order to focus on the pipeline’s ability to
recover lags from sparse spectroscopic data. In reality, RM obser-
vations of C IV lags display a large scatter that is up to ∼10 times
larger than what we have simulated for a given luminosity bin (Shen
et al. 2024). However, introducing this scatter into the mocks will
prevent us from decoupling the scatter induced by the pipeline from
the intrinsic scatter of the R-L relation. Testing the mock pipeline
with quasars that deviate from the R-L relation is left to future work.

The mock underlying light curves are generated across six years
to cover the first five years of the DESI survey plus a year preced-
ing it in order to obtain a maximal photometric window and to have
continuum data prior to the spectroscopic observations. The longer
the continuum light curve the better the continuum variations can be
characterised before identifying the lag in the emission line varia-
tions. The emission line light curve will be generated from the con-
tinuum using a top-hat function with width proportional to the time
lag (for more information see Section 6).

The suite of underlying light curves are stored and used for all the
different runs of the pipeline described in Section 7. In other words,
we have kept the sample of mock quasars constant throughout the
various tests.
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Figure 5. Left: Distribution of the number of repeat observations on separate
nights per target (≥2). Right: Distribution of the baseline of observations per
target i.e. number of days between first observation and most recent observa-
tion. This spans the first three years of DESI data and we can start to see the
observational seasons in the DESI survey. The targets observed within the
first year are revisited in subsequent years.

The second stage of light curve simulation is to sample the under-
lying light curves to simulate the observed light curves. Whereas the
underlying light curves or the mock quasar sample is kept constant
in the different runs, the way we ‘observe’ or sample them is varied.
The continuum light curve is sampled according to ZTF’s cadence
which is nominally 2-3 days. However, for light curves spanning
a few years, seasonal gaps appear in the light curves. Plus, other
smaller gaps appear due to weather, moon interference, and down-
time. To simulate a realistic photometric cadence, we analysed ZTF
light curves of DESI counterparts from our sample and created dis-
tributions of cadence and seasonal gap length to draw from in the
sampling of the continuum light curves.

For the emission line light curves, the DESI observations of a
particular target are predicted from the DR2 data distributions of
the baselines (number of days between first and last observation),
the number of total repeat observations, and their cadence. Figure 5
shows the distributions of baselines and cadences from DR2 used
for our mock light curve sampling. The median number of spectro-
scopic epochs, observed on separate nights, is three days, the mini-
mum, as defined by our sample cut, is two days, and the maximum
is 13 days. The median cadence is 15 days. These dates are picked
within a 5-year baseline and then the photometric light curve dates
are picked to span 1400 days prior to the last spectroscopic obser-
vation, a baseline that reflects the current data available. Figure 6
showcases the simulated spectroscopic and photometric cadence for
1000 quasars from the C IV sample. The typical set of expected
DESI repeat observations occur in short bursts and will occasion-
ally have extra observations in the following years during the ob-
servational seasons. The distribution of the time separation between
spectroscopic-photometric light curve pairs exhibits trends that de-
rive from the seasonal window function. This data represents mock
light curves of DESI DR2 data - repeat observations that occur dur-
ing the rest of the survey beyond DR2 data will extend our current
baseline range and increase the number of repeat observations for a
subset of these targets. We test the improvement in time lag recovery
with the addition of extra observations in Section 7.4.

The last step is to add noise to each of the sampled light curves.
The noise is calculated for each epoch as σX where σ is drawn
from the error distribution of the corresponding data set and X is
randomly picked from the set {-1, 0, 1}. Validation tests compar-
ing this error-generation approach with Gaussian-distributed errors,
which includes values both below and above 1σ , showed no material
difference in the resulting lag recovery. Figure 7 shows the distribu-
tions of ZTF and C IV fractional flux errors used to draw σ from for
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Figure 6. A set of plots used to illustrate the spectroscopic and photometric cadence of the mock light curve suite. These plots have been generated from the
cadences of a representative sample of 1000 mock light curve pairs. Left: A histogram of the time interval between the first and subsequent epochs of the mock
spectroscopic light curves. Middle: A histogram of the time interval between the first and subsequent epochs of the mock photometric light curves. Right: Time
separation of all spectroscopic-photometric epoch pairs.
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Figure 7. Distribution of ZTF (left) and C IV (right) fractional flux errors
used to simulate the errors in the mock photometric and spectroscopic light
curves respectively. Both distributions are fractional flux errors in units of
10−17 erg cm2 s−1.

the continuum and C IV light curves respectively. The ZTF error dis-
tribution is compiled from ZTF light curves of DESI counterparts,
converted from r-band magnitude to fluxes. The C IV flux errors are
the errors of boxcar integrated fluxes of DESI C IV line profiles af-
ter continuum subtraction and accounting for Milky Way transmis-
sion over a wavelength range λobs −nσ σ < λ < λobs +nσ σ where
λobs = λrest(1+ z) with λrest = 1549Å for C IV and z is the quasars
redshift, nσ = 3, and σ [Å] = σfsfλobs/c where σfsf is the Gaussian
emission line width calculated by FastSpecFit in km/s and c is the
speed of light. We place upper limits on the error distributions such
as to remove outliers. We do not simulate outliers as when working
with data the light curves would be processed to remove outliers or
artefacts of any kind. The same error distributions are drawn from
again to assign an error to each light curve point, such that the noise
and errors of each light curve are not correlated. There is also no
correlation between the errors in light curve pairs as the continuum
and emission line data are from completely different sources.

Figure 8 presents an example of mock photometric and spec-
troscopic light curves generated as described. The quasar simu-
lated here has a redshift of 1.63 and a luminosity at 1350Å of
5.7×1044ergs−1. Using Equation 5, the observed lag between the
two light curves is 40.6 days. The solid lines are the simulated under-
lying continuum and lagged emission line light curves. The points
show the sampling of how each of these might be observed. The
units and amplitude of flux in our simulated light curves are arbi-
trary. RM is not purportedly sensitive to the absolute scale or scale

differences between the two light curves, what matters is the shape
of the light curve. We tested how varying the order of magnitude of
the fluxes of both light curves effects the lag measurement and we
found it to be stable. When producing light curve pairs from data we
convert the photometric light curve in units of magnitude to units of
flux such that they both have the same units.

As part of the process of checking the similitude of the simulated
light curves to the data, we recreate all the various input distribu-
tions from the simulated light curves and directly compare the shape
and amplitude of each to the data distributions. These include distri-
butions for the quasar sample such as those of redshift, luminosity,
and variability. We also reproduced distributions of the flux ampli-
tude, flux errors, cadences, baselines, number of observations, and
the seasonal gaps for both the photometric and spectroscopic light
curves. For all checks, the simulated light curves matched the data
well.

6 LAG RECOVERY METHODOLOGY

A wide range of time lag analysis methods have been developed
and applied in past RM campaigns. The standard approach is the
cross-correlation function (CCF), along with several variations such
as the interpolated cross-correlation function (ICCF; Gaskell & Pe-
terson 1987; White & Peterson 1994), the discrete correlation func-
tion (DCF; Edelson & Krolik 1988), and the z-transformed discrete
correlation function (zDCF; Alexander 2013). However, correlation-
based methods do not leverage our understanding of the stochastic
nature of quasar variability and are sensitive to sparse sampling and
time binning in correlation space. To address these limitations, al-
ternative techniques have been developed, including the von Neu-
mann estimator (Chelouche et al. 2017), Gaussian process regres-
sion (Wilkins 2019), Bayesian inference–based codes such as LIT-
MUS (McDougall et al. 2025) and others which utilise Markov Chain
Monte Carlo (MCMC) strategies such as JAVELIN (Zu et al. 2011),
CREAM (Starkey et al. 2016), PYROA (Donnan 2021), and MICA (Li
et al. 2016b).

While correlation functions- especially ICCF- are considered
more traditional, they are poorly suited for DESI light curves, which
are unevenly sampled and sparsely populated. Interpolating between
such incomplete spectroscopic data points may yield unreliable re-
sults, as the interpolated light curves may not adequately capture the
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Figure 8. Example mock light curve pair. The solid blue lines are the underlying simulated light curves for the continuum and C IV emission line flux. The
emission line light curve is the scaled and lagged continuum light curve. The orange points show how the observed light curves are sampled from the underlying
light curve for ZTF photometry and DESI spectroscopy in the continuum and C IV light curves respectively. This is simulated for a quasar at redshift 1.63 and
with luminosity at 1350Å of 5.7×1044ergs−1. It has an observed lag of 40.6 days.

true underlying variability. The zDCF is a potential alternative, as it
is designed for irregular and sparsely sampled time series, does not
assume a specific AGN variability model, and naturally lends itself
towards stacking procedures (Alexander 2013). However, it is ulti-
mately unsuitable for DESI light curves due to its requirement of at
least 12 observational epochs.

A parametric approach implemented using MCMC, a popular
choice being JAVELIN (Just Another Vehicle for Estimating Lags In
Nuclei; Zu et al. 2011), is more suitable for the spectroscopic data
we have available. We explain this in further detail in the next sec-
tion. Therefore, after producing the mock continuum and emission
line light curves for each object, we have chosen to compute the time
lag between them using JAVELIN. This is what we have defined as
the main pipeline. We have also tested an alternative pipeline using
CCFs instead, this is presented in Section 9.

6.1 JAVELIN

JAVELIN models the continuum light curve variability using a DRW
and models the emission-line response with a parametrised top-hat
transfer function (Equation 3). It employs a Bayesian framework
with a two-step MCMC algorithm to estimate time lags (Zu et al.
2011). The continuum is known as the driving light curve and in the
first step the continuum variability is constrained by a DRW model
to compute the posterior probability density distributions for two pa-
rameters: 1) the variability amplitude of the continuum, σ , and 2) the
characteristic damping timescale, τdamp. Using the previous two dis-
tributions as priors, the second step maximizes the likelihood by si-
multaneously fitting a DRW model to the two light curves with three
more parameters. The continuum light curve is interpolated, shifted,
smoothed and scaled assuming a top-hat smoothing transfer function
centred at 1) τ , the time lag, with 2) full width w and 3) flux scaling
factor s between the line and continuum amplitudes Aline/Acont to fit
the emission line light curve using JAVELIN’s spectroscopic Rmap
module. The time lag posterior is obtained by marginalising over all
other parameters.

The ability to use Bayesian inference techniques when modelling
the variability in parametric approaches gives the advantage of bet-

ter qualification of uncertainties in the lag measurement. There have
been studies comparing these methods using simulations. Li et al.
(2019) compared ICCF, zDCF and JAVELIN. They found JAVELIN

outperformed the other methods across many assessment criteria
and did especially well with limited light curve quality. Yu et al.
(2020b) found JAVELIN provides better error estimates in compar-
ison to ICCF. Furthermore, many observational RM studies have
used multiple time lag methods to check for consistency. Examples
include Shen et al. (2016), Zajaček et al. (2019), and Homayouni
et al. (2020) who all found JAVELIN produces consistent lags with
the other methods. Based on this validation, we adopt JAVELIN as the
most suitable method for extracting time lags, given the characteris-
tics of our dataset. Some of our light curves contain as few as two
epochs, rendering many non-parametric time lag estimation meth-
ods ineffective due to their stronger dependence on data density. In
contrast, JAVELIN’s Bayesian MCMC framework allows for the ex-
ploration of a wide range of model parameters, meaning the interpo-
lation performed by JAVELIN is grounded in empirical modelling of
quasar variability and does not rely on densely sampled light curves.
A recent study explicated the extent to which MCMC-based lag esti-
mation techniques substantially outperform CCF approaches, partic-
ularly in addressing the challenge of seasonal aliasing (McDougall
et al. 2025). For these reasons, we initially develop the stacked RM
using JAVELIN. For completion and comparison with previous stud-
ies, we also redevelop a stacked RM pipeline with CCFs which is
later presented in Section 9.

None of the model parameters are fixed in the light curve sim-
ulations just as they would not be in nature. However, the limited
DESI cadence is not sufficient to constrain the damping timescale
and the top-hat function width. For example, Zhou et al. (2024) and
Kozłowski (2016) have emphasised that long baselines are needed
to constrain the damping timescale. Leaving these as free parameters
result in a unphysical transfer function fit; so, we fix them when mea-
suring the time lag, as done in previous studies such as Homayouni
et al. (2020). Doing so has a negligible effect on the lag recovery
and has the advantage of producing cleaner lag distributions. In this
project, the damping timescale is fixed to 700 days. We have set the
damping timescale to the median value in the simulated light curves
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and, whilst the damping timescale typically ranges from 200-1000
days (Kelly et al. 2009; MacLeod et al. 2010), this value coincides
with the value given in one of the longest timescale variability stud-
ies by Stone et al. (2022) who found a median of 750 days. By set-
ting a fixed damping timescale, the first step of JAVELIN is reduced
to "interpolating" the continuum light curve using a DRW (Li et al.
2019). Due to the sparse data in the spectroscopic light curve, we do
not explicitly fix the damping scale in the second step, as JAVELIN

has difficulty converging under this constraint. Instead, we confine
the damping scale to a very narrow range between 699 days and 706
days which evades the numerical MCMC issues.

Similarly, in order to avoid analogous issues we came across at
long chain lengths, rather than fixing the top-hat width, we have set
a flat prior range of 3 < w < 40 days instead. This covers the entire
range of w in the simulations, in which the transfer function width
is set to 0.1τ for the smoothing timescale to be sufficiently shorter
than the time lag (King et al. 2015; Penton et al. 2022). It has been
previously shown that the lag measurement is insensitive to setting
the damping timescale and top-hat width to different values (e.g., Li
et al. 2019, Yu et al. 2020b). We have verified this degeneracy on a
small sample of our simulations too and the exact choice should not
effect our final results.

Finally, we define a flat prior for the time lag. We picked it to be
restricted between 0 and 500 days in the observed frame. Since we
relinquished the highest luminosity bin, the highest luminosity and
redshift combination possible in the remaining bins (1×1046ergs−1,
5.23) will at most generate a lag of ≲ 400 days. Therefore, our lag
prior covers the entire range of simulated lags; across the suite of
simulated light curves, the minimum observed lag is 33 days and the
maximum is 383 days. We explore how the choice of time lag prior
effects the recovered lag in Appendix A. JAVELIN has a feature that
logarithmically penalizes lags larger than a fraction of the continuum
baseline; we set this to one to ensure no lags are penalised.

For each pair of objects we use 50 walkers and 1000 burn-in steps.
We run the chain until it has converged. That is, when the autocorre-
lation time for all parameters changes less than 1% and the number
of MCMC iterations is larger than 100 times the autocorrelation es-
timate (Foreman-Mackey et al. 2013; Read et al. 2020). We set the
maximum number of chain steps to 5000 but it rarely takes this long
to converge. In general, light curves that have fewer epochs and are
sampled at less optimal intervals require more time to converge.

The variation in the relatively short spectroscopic light curve may
match with several sections of the photometric light curve. Paired
with the finite sparse nature of the light curves, JAVELIN almost al-
ways produces a noisy multi-modal posterior distribution. With real
data, false correlations between the two light curves may appear
from a combination of residual continuum remaining in the emis-
sion line even after subtraction or some broad line emission pene-
trating into the continuum photometric band. It is our aim to discern
whether the correct time lag peak will arise from amidst the aliases
and noise during the stacking procedure.

6.2 Stacking lag distributions

Stacked RM was introduced by Fine et al. (2012) to overcome ob-
stacles in traditional RM by stacking quasar samples which have
well-sampled continuum light curves and only a few, perhaps as few
as two, emission line measurements. The viability of this method
has been demonstrated in previous studies by stacking CCFs (Fine
et al. 2013; Eltvedt et al. in prep), ICCFs (Malik et al. 2024), and
zDCFs (Li et al. 2017). Instead, this paper presents a new approach
of stacking MCMC-derived posterior distributions of the time lag in

the observed frame of reference. In our approach we are making the
assumption that our luminosity-redshift bins are thin enough such
that we are stacking objects with very similar BLR radii as justified
in Section 5.2.

The individual time lag distributions are additively stacked, which
we argue below is more suitable for our data than alternative stack-
ing approaches. Radial stacking, in which the prior for subsequent
lag measurements is updated using the previous posterior distribu-
tion, is not suitable for sparse light curve data, as a single object’s
posterior may be erroneously biased towards a false peak or be too
noisy to provide useful information. Another way is hierarchical
stacking which maximises the information derived from the individ-
ual posteriors using additional hyperparameters (Brewer & Elliott
2014). However, this adds an extra level of complexity and compu-
tational expense which is impractical for large samples unless it is
further optimised by computational techniques such as importance
sampling. Multiplying the posterior probability distributions would
only be valid under the assumption that the priors are independent.
In our case, this assumption is violated because binning the quasars
by similar lags induces dependencies among the priors of the light
curve parameters. We have applied an additive stacking procedure
by appending the MCMC time lag chains for all the objects in each
bin. Admittedly, this is not a mathematically robust way of combin-
ing posterior distributions. Nonetheless, this approach achieves the
goal of enhancing the genuine lag signal by elevating the portion of
the posterior distributions that is consistently more concentrated. In
any case, we assess the robustness of the outcomes obtained with
this method by comparing them to the known correct result from the
simulations.

After stacking, a clear time lag peak emerges from the once appar-
ently noise-ridden distributions. For clarity, we designate the term
‘peak’ to mean the distribution surrounding the maximum. The peak
is identified and distinguished from the rest of the distribution by
first convolving the discrete stacked posterior distribution with a
Gaussian filter with a dispersion of one day to derive a smoothed
distribution (a similar method is used in Grier et al. 2019). We iso-
late the peak by determining the lag interval it occupies and discard
the rest of the distribution. This interval is found from the relative
minima and points of inflection in the distribution. The extrema on
either side of the maximum are located. We make a check ensuring
that the distance of the peak to each end of the interval is greater
than or equal to a scale which we set to 20 days. This is in order to
account for doubly peaked lags or points of inflections near the peak
that will result in an underestimation of the lag error. If the interval
is too tight on either end, we expand it by shifting the edge to the
next extrema on that side. The same check is conducted recursively
until satisfied. If the peak lag occurs before or after all the extrema
then the edge of the interval is set to the corresponding edge of the
whole distribution. Qualitatively, this amounts to bounding the max-
imum of the smoothed distribution by the minima that lie on either
side. This methodology is motivated by the approach of Grier et al.
(2019), which was employed to mitigate aliasing effects in the dis-
tribution.

The final lag measurement is defined as the lag corresponding to
the maximum of the peak, referred to here as the maximum a poste-
riori (MAP) estimate. The associated uncertainties are derived from
the 16th and 84th percentiles of the peak distribution. We compared
the use of the MAP versus the median (50th percentile) of the peak
as the lag estimate. We found that the MAP generally yielded more
accurate recovery of the input lags. The MAP had an average devi-
ation of 13% from the mock lag, while the median deviated slightly
further, on average by 15%. Due to the asymmetric nature of some
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peak distributions, using the MAP instead of the median occasion-
ally leads to unphysical uncertainty intervals, where the lower error
exceeds the lag value (i.e., the lag is below the 16th percentile) or
the upper error is smaller than the lag (i.e., the lag exceeds the 84th
percentile). In such cases, the affected error is redefined to be sym-
metric with the opposite error with respect to the lag.

We also considered the possibility of null lags arising from the
MCMC sampling procedure. We are particularly aware of the issue
of walkers becoming stuck at prior boundaries. The probability of
this artefact appearing increases with sparse light curves that gener-
ate broad posteriors and can lead to artificial peaks near the lower
lag limit of zero days. In such rare cases, where only a partial (half)
peak is present, symmetric errors are again imposed. Furthermore,
to avoid including unreliable lag measurements, we applied a qual-
ity cut that excluded any quasars with recovered lags less than five
days in the final R-L fits. It is important to note that these corrective
measures are not required in the main mock run, They are only trig-
gered in specific robustness tests (Section 7) where the light curves
are intentionally degraded, and even then occurred in no more than
a few (<3) bins.

Figure 9 shows an example stacked time lag distribution with the
input and recovered lag for that luminosity-redshift bin marked. Af-
ter the stacking procedure, the noisy multi-modal individual lag dis-
tributions build up to consistently reveal a clear lag peak that aligns
with the input lag. The width of the lag peak is only partially ac-
counted for by the diversity of lags in the stack. In fact, there is no
correlation found between the width of the lag peak and the disper-
sion or range of simulated lags in the bin. The shape of the peak is
controlled by observational factors such as cadence. A quality as-
sessment of the lag measurement is made by calculating the SNR of
the lag peak defined as the peak-over-noise ratio, i.e., the maximum
of the distribution over the average value of the distribution outside
the peak region. The SNR values in this study may seem small (≳ 1)
but values greater than 1 in the context of our stacking method sig-
nify a successful build-up of the lag signal.

A summary of the whole pipeline including both the simulation of
mock data from actual data and the lag recovery method is presented
as a flow diagram in Figure 10.

7 RECOVERY OF THE R-L RELATIONSHIP

We quantify the performance of the stacked RM pipeline introduced
in Section 6 by examining how well it recovers the input R-L relation
from Hoormann et al. (2019), which determined the lag of the mock
light curves as described in Section 5 and outlined in Figure 10.

The recovered observed lag is transformed to the rest frame and
then it is paired with the average luminosity in that bin to give a point
on the R-L diagram. The measured lags of each luminosity-redshift
bin are collectively shown on the R-L plane in Figure 11. The ma-
jority of lag measurements (96%) lie within 1σ of the input lag, and
are therefore successfully recovered. Despite the fact that no single
quasar in the mock data sample had sufficient spectroscopic data to
detect a lag individually, we have found this stacking procedure al-
lows us to reliably recover average time lags in quasar ensembles for
the mock data we have simulated. Thus, it is possible to achieve a R-
L relation comparable to those obtained by traditional RM methods
with data already available in cosmological spectroscopic surveys
such as DESI, forgoing the need for observationally expensive RM
campaigns to constrain it.

The scatter of the recovered lags around the input R-L relation
is not entirely random. There is a tendency for the lags to be un-
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Figure 9. Example of a stacked time lag posterior distribution consisting of
250 quasars in a luminosity-redshift bin with an average simulated time lag
of 178 days (solid light-blue line). The y-axis in this and other lag posterior
plots is shown on a logarithmic scale to make the shape of the posteriors
easier to see. The objects in this bin had an average luminosity at 1350Å of
5.7x1045ergs−1 and an average redshift 2.7. The orange line is the recovered
lag of 173 days. The JAVELIN MCMC walkers probed a 0-500 days time lag
range. The embedded subplot on the right shows the lag posterior distribution
of just one of the quasars that contributed to the stack - it is noisy and multi-
modal. Although individual lag distributions do not give a reliable lag peak,
it can be seen a clear peak emerges after stacking and this is identified using a
Gaussian filter (solid grey line). The bounds for the peak used in determining
the lag uncertainty and SNR are shown as dash-dotted dark-blue lines. The
horizontal dark grey dotted line represent a SNR value of one to separate
noise from significant peaks.

derestimated (see Figure 11). It is worth mentioning that this is the
case whether the lag is measured as the MAP or the median of the
lag peak, with the median of the lag peak having a greater level of
underestimation. This tendency is also found when examining the
‘outliers’: the bins whose lags lie more than 1σ away from the true
lag. There are seven bins which recovered a lag more than 1σ below
the true lag. Looking at the lag distributions, these underestimations
occurred in noisy distributions with very broad peaks that, although
encompassing the correct lag, had their MAP at a lower lag than
expected.

Figure 12 reveals how the SNR of the lag peak degrades with
higher luminosities and higher redshifts. This is to be expected as
lower luminosity (higher variability) quasars will have stronger light
curve features such as maxima, minima, and slopes to match be-
tween the continuum and emission line light curves that lead to bet-
ter lag recovery. For this reason, the outliers tend to be in higher
luminosity bins which can also be seen in Figure 11. These simu-
lations demonstrate that when conducting this analysis on real data,
the level of scatter or negative offset seen here cannot be discerned
from physical effects, such as increased accretion rates, which have
been suggested to be responsible for discrepancies in time lags mea-
sured in high luminosity quasars (Dalla Bontà et al. 2020; Panda
et al. 2024). Since the mock light curves have not been simulated
with different accretion rates, we are alerted that this magnitude of
scatter is attributed to the lag measurement method as opposed to
additional physical parameters that have not been considered.
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Figure 10. A flow chart summarising the mock stacked RM pipeline. The first half illustrates the various data sets needed to simulate the mock light curves.
The second half presents the steps taken to measure a stacked lag from the mocks.
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Figure 11. The recovered lag of the stacked lag posterior distributions from
every luminosity-redshift bin plotted on the radius-luminosity plane. The rest
frame lag is equivalent to the light travel time across the BLR. The luminosity
of the points is the average luminosity of the objects used in the stack to
produce that lag, this is why they roughly appear in columns centred on the
middle of the luminosity bins. The grey error bars indicate the 68% interval
of the lag peaks. The points are coloured according to the average redshift of
the objects used in the stack. There is no evident bias between redshift and
lag recovered. The blue line is the input C IV R-L relation from Hoormann
et al. (2019) which we are using to test how closely the lags will be recovered.
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Figure 12. The SNR of the lag peak in the stacked lag posterior distributions
of every luminosity-redshift bin as a function of luminosity (x-axis) and red-
shift (colour bar). The SNR has a strong inverse relation with luminosity.
There is also an inverse relation with redshift.

A best fit of the recovered lags tests whether the input R-L relation
we simulated the lags with is successfully recovered. This is done
by averaging the lags in each luminosity bin and using the range of
recovered lags for that bin as the statistical error (as seen in Figure
13). The recovered R-L relation is obtained by a least-squares line of
best fit in the log-log plane that is weighted by the average SNR per

44.5 45.0 45.5 46.0

log(λL1350[ergs s−1])

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

lo
g(

R
es

t 
F
ra

m
e 

L
ag

 [
d
ay

s]
)

Recovered R-L

Hoormann et al 2019

Figure 13. The final radius-luminosity relation recovered from the mock
DESI quasar light curve suite is shown as a solid red line. It is to be compared
to the grey dot-dashed line taken from Hoormann et al. (2019) used as an in-
put for the mock pipeline. The grey points are the average of the recovered
lags in each luminosity bin (indicated by dotted blue vertical lines). Their
error bars reflect the range of recovered lags in that luminosity bin across all
redshifts.

bin. The final recovered C IV R-L relation is

logR[days] = (0.78±0.035)+(0.51±0.025) log
λLλ (1350Å)

1044[ergs−1]
,

(6)

which is in agreement with the input relation given in Equation 5 to
1σ .

In Appendix B, we present additional tests to check the robustness
of the pipeline by modifying the light curves to have no lag and/or
no seasonal gaps. These tests did not indicate that the bias towards
lower lags is caused by seasonal gaps but rather this underestimation
is due to some other systematic factor.

In the development of the stacked RM pipeline, we identified sev-
eral factors that, if different, could potentially effect the lag recovery.
In the subsections below we systematically investigate the depen-
dence of the final result on each of the following factors:

• spectroscopic C IV flux errors,
• photometric light curve baseline,
• photometric seasonal gaps,
• number of quasars stacked per bin,
• number of spectroscopic observations per quasar,
• and bin width.

In the conduction of these tests, we have used the same suite of un-
derlying light curves as the base run presented in this section and the
findings are compared to the result above. We conduct these tests by
changing one factor at a time rather than compounding factors, mak-
ing the source of any change clear.

7.1 Dependency on the C IV Flux Errors

First, we test how multiplying the C IV integrated flux error distribu-
tion by factors of 0.5, 1, and 2 will effect the recovered R-L relation.
The inflation of the error distribution affects both how far the sam-
pled epochs deviate from the underlying light curve during mock
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Figure 14. The absolute difference between the measured lag and the input
lag of a bin against the SNR of the lag peak in the bins stacked posterior
distribution. The results are shown for three runs in which the spectroscopic
flux errors are multiplied by the factors: 0.5 (red circle), 1 (blue inverted
triangle), and 2 (orange upright triangle). The height of the horizontal lines
mark the average deviation from the input lag and the span indicates the range
of SNR’s in that run. Reducing the line flux errors results in more accurate
lag recoveries and enhances the SNR of the lag peaks. The gray line indicates
the median 1σ lag error of the Hoormann et al. (2019) relation across all bins
to illustrate all three runs are well within 1σ .

light curve generation and the magnitude of the errors assigned to
the data points in the resulting light curve. From this test, we aim to
verify whether the quality of DESI spectra is sufficient for stacked
RM. The error of the integrated flux will ultimately depend on the
exposure time of that spectral epoch. This is not something that can
be easily controlled so we test both scenarios of worsening and im-
proving the data quality around the current DESI standard to see
what weight the error factor has on the final result.

We find that our pipeline is not too sensitive to flux error inflation
as all three flux error factors reproduce the input R-L relation well.
The differences in the R-L line fits are within the bounds of random
variation between runs. The impact of the flux error becomes ap-
parent when analysing the SNR of the lag measurements, as shown
in Figure 14, the smaller the flux error the closer the measured lag
is to the input lag and the higher the SNR. Although this trend is
present, the majority of measurements are below the 1σ line shown
in grey and so we find that for the error factors explored here, no
significant issues or differences arise from the pipelines results. Yu
et al. (2020b) found that JAVELIN’s use of Gaussian processes makes
it more sensitive to light curve errors than other lag measurement
methods (Aigrain & Foreman-Mackey 2023). Therefore, the calcu-
lation of accurate flux uncertainties and possible routes of minimis-
ing it, either by way of sample selection or by using a method that
calculates it more precisely, is important. Nevertheless, this stacked
RM pipeline has an advantageous feature that the final R-L relation
is well-recovered within the range of typical flux errors found for the
DESI data.

7.2 Dependency on the Photometric Light Curve Completeness

In the creation of our mock photometric light curves we picked a
set baseline of 1400 days which reflects the average data available
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Figure 15. R-L lines recovered for three runs in which the photometric light
curves spanned a baseline of 600 (dashed red), 1000 (solid orange) and 1400
(dotted blue) days. 1400 days is what is used in the base run. This plot clearly
demonstrates the drastic sensitivity that this method has to the photometric
baseline. A shorter baseline makes recoverability significantly worse.
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Figure 16. R-L lines recovered for three runs in which the distribution of
seasonal gap lengths is shifted by -100 days (dashed red), +100 days (dotted
orange) and the original with no shift (solid blue). The method seems fairly
resistant to the narrowing and widening the seasonal gaps.

from ZTF. We probe the underlying mock light-curves with differ-
ent window-functions to investigate the impact it has on lag recov-
ery. We investigate how using shorter photometric baselines prior
to the spectroscopic observations affects our results by additionally
testing two alternative baseline lengths of 600 and 1000 days. Fig-
ure 15 shows the R-L relations each of these runs produced. There
is some deterioration in recovery from 1400 days to 1000 days of
photometric data available. The scatter of the recovered lags around
the input R-L relation for the main run with a 1400 day long photo-
metric baseline is 0.033 dex and this doubles to 0.074 dex for a 1000
day baseline. Once we restrict the photometric data to 600 days the
ability to recover accurate lags severely declines, with much lower
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Figure 17. Left: Evolution of the averaged stacked lag posterior distribution as the number of objects stacked is increased from 150 to 550. The distributions
have been translated so their minima align. As the number of objects stacked in the bin is increased the peak becomes more prominent, i.e. the SNR increases.
Right: The evolution of the average deviation of the recovered lag from the input lag with the number of quasars stacked. There is an inverse relation below
∼450, beyond this the improvement in the lag measurement plateaus.

SNR lag peaks in the stacked posterior distributions. The scatter of
the recovered lags spikes to 0.29 dex, almost a factor of 9 larger than
the main run. This can be attributed to the fact that the first step of
JAVELIN is to characterise the variability amplitude of the contin-
uum light curve. When we restrict the photometric light curve data
to range a shorter span of time we are limiting the accuracy of the
variability analysis of the quasar and this carries forward to poor lag
measurement. This is to the extent that out of the 250 quasars only
45 lag measurements are (poorly) recovered. The rest failed at the
first step of JAVELIN which was unable to characterise the truncated
continuum light curve and the walkers diverged.

We also investigate changes in the completeness of the photomet-
ric light curve from the angle of the length of seasonal gaps. As men-
tioned in Section 5.3, we simulate seasonal gaps using a distribution
of their length in days from ZTF counterpart LCs of DESI quasars.
We shift this distribution by -100 days, which creates light curves
with short seasonal gaps and high completeness, and +100 days,
which creates light curves with long seasonal gaps and low com-
pleteness. Figure 16 shows how the recovered R-L relation changes
with these three runs. We do not find a trend between the length
of seasonal gaps and the recoverability of the R-L relation. Even
the greatest deviation from the input R-L, seen when increasing the
length of seasonal gaps, is but a slight deterioration beyond the ran-
dom variation expected between different runs. However, we did see
a trend in SNR which increased with more complete light curves.

7.3 Dependency on the Number of Quasars Stacked

The number of quasars per stack in the main run is set to 250. We in-
vestigate how the number of objects stacked effects the SNR of the
lag peak in the stacked distribution. We tested this by running the
pipeline five times changing the number of objects stacked to 150,
250, 350, 450, and 550 quasars per bin. Figure 17 shows the aver-
age stacked lag posterior distribution for each run. The clear trend
is that the more objects that are stacked the more defined the time

lag peak is, i.e. the higher the SNR. When comparing the recovered
lags to the simulated lags we also see that accuracy in recoverabil-
ity steadily increases with the number of objects stacked. Figure 17
shows that the average deviation of the recovered lag from the input
lag declines up to a stack of 350 quasars, but beyond this the im-
provement plateaus. In summary, increasing the number of stacked
objects aids in the recoverability of the lag since the lag peak in the
distribution is further enhanced. All of the R-L lines recovered for
each of these runs are within 1σ of the input relation, so ultimately
the recovered R-L relation does not differ greatly whether it is with
150 or 550 objects per bin. However, in order to reduce the scatter
and therefore the error in the final R-L relation fit, a stack with at
least 400 quasars is best.

7.4 Dependency on the Number of Spectroscopic Observations

In the inaugural stacked RM paper, Fine et al. (2012) predicts that
this procedure can be inclusive of quasars which only have two spec-
troscopic observations. In the main run, ∼ 1/3 of the 250 quasars
per bin had two observations and the remaining had more than two.
The inclusion of such a large fraction with as few as two obser-
vations solidifies the value of these quasars in stacked RM. Given
DESI’s vast number of unique quasar observations, it may be pos-
sible to place tighter cuts on the stacked RM quasar sample to only
include quasars with more than two spectral epochs. We investigate
how changing the minimum number of spectroscopic observations
permitted may further improve lag measurements. We tested limit-
ing the quasar light curves to having ≥ 4 and ≥ 8 spectroscopic data
points. In terms of lag measurements, Figure 18 shows how increas-
ing the number of repeat observations will draw the recovered lag
closer to the input lag. We also see that having ≥ 8 spectroscopic
points can even triple the SNR. Given that the R-L recovery is once
again within 1σ in all three runs, stacked RM is not only effective
with the use of poorly sampled spectroscopic light curves but, con-
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Figure 18. The difference between the measured lag and the input lag of a
bin against the SNR of the lag peak in the bins stacked posterior distribu-
tion. The results are shown for three runs in which the minimum number of
spectroscopic points in the broad emission line light curve is increased from
the base run with ≥ 2 (blue circle) observations up to ≥ 4 (grey inverted
triangle), and ≥ 8 (orange upright triangle) observations. The height of the
horizontal lines mark the average deviation from the input lag and the span
indicates the range of SNRs in that run. It is clear that providing a larger
number of spectroscopic observations results in more accurate lag recoveries
and bolsters the SNR of the lag peaks.

sidering their exclusion may limit the number of quasars stacked for
a DESI-like survey, these objects should be included.

It is pertinent to explore the baselines that these spectroscopic ob-
servations span. Figure 19 investigates how varying the maximum
spectroscopic baseline in the mock light curves alongside the mini-
mum spectroscopic observations influences the lag recovered. This
is tested via 16 runs on a singular luminosity-redshift bin varying
only these two factors. The result clarifies that accurate lag recov-
ery is more strongly a function of spectroscopic baseline as opposed
to the number of spectroscopic epochs. This is a key result empha-
sising that stacked RM programs with large spectroscopic surveys
should be designed to prioritise long baselines. It is observationally
more efficient to obtain a small number of spectroscopic observa-
tions spread over a few years, rather than collecting multiple epochs
within a single year that still fail to yield a comparably accurate time
lag.

7.5 Dependency on the Bin Size

The creation of 61 luminosity-redshift bins in Section 5.2 is designed
to provide a reliable stacked lag result. The bin widths are arbitrar-
ily based on equal-population binning. Here, we experiment with
changing the luminosity bin width. We fixed the redshift bin to be
2.0 ≤ z ≤ 2.2 and created luminosity bins centred at 2×1045ergs−1

with bin widths ranging from 1× 1044 to 1.6× 1045ergs−1. When
applying wider binning to data, a larger and more diverse sample of
quasars contribute to the stack. Since the number of quasars and the
diversity of quasars counteract each other in the ability to recover
the lag, in this mock test we have set the number of quasars fixed to
250 to isolate the effect of having a broader range of lags contribut-
ing to the stack. Figure 20 aims to explore whether there is a relation
between the bin width and the SNR of the lag peak. Surprisingly,

Figure 19. Absolute deviation of the recovered lag from the input lag as
a function of the minimum number of spectroscopic observations and the
maximum baseline set in generating the mock light curves. The results of
the 16 runs shown are for the same luminosity-redshift bin with an average
luminosity of 2.1×1046ergs−1 and an average redshift of 3.2. Quasars with
spectroscopic light curves whose epochs occur within a short period of time
are unable to recover the true lag, no matter the number of epochs. It is re-
quired for the stacked sample to contain spectroscopic light curves with a
baseline that is at least a few hundred days long, i.e. on the scale of the ob-
served lag, for a successful lag detection. A higher number of spectroscopic
epochs increases accuracy in the lag recovered, however, the extent of the
spectroscopic baseline is a stronger driving factor of lag recovery.
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Figure 20. The SNR of the lag peak in the stacked posterior distributions
as we increase the width of the luminosity bin. A strong correlation is not
present.

we do not find a strong correlation between the SNR and the width
of the luminosity bin. There is a shallow slope towards the expected
trend that larger bins sizes reduce the SNR of the lag peak - this is
due to the inclusion of a more diverse range of quasars and therefore
lags, widening the lag peak. To note, the recovered lags are all within
1σ of the input lag. For surveys with a smaller sample of quasars,
this finding alleviates the requirement for narrow luminosity-redshift
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bin widths. If luminosity-redshift precision is not needed for a RM
study, this pipeline is suitable for RM in a low resolution luminosity-
redshift space. This leads to a greater emphasis on having bins with
a larger population of quasars.

8 ROBUSTNESS OF STACKED RM

We have demonstrated via mock data that stacked RM is a viable
approach to determining the R-L relation for quasars observed by
DESI. Whereas traditionally the continuum and emission line light
curves would need to overlap for a period that is at least a few times
the time lag to obtain a lag measurement, we have shown this is
unnecessary for calculating lags for ensembles of similar quasars,
confirming the proposal of Fine et al. (2012). Well-sampled spectro-
scopic light curves of individual quasars are observationally expen-
sive. We have demonstrated here that the same result, the same R-L
relation constructed from a small group of quasars, can be obtained
at a small fraction of the observational cost as a by-product of the
multitude of quasar observations conducted by a large spectroscopic
survey such as DESI. The benefit of conducting a RM study using
a composite sample of thousands of quasars is that a statistical ap-
proach provides a more robust and unbiased means of inferring the
R-L relation, enhancing its reliability for single-epoch black hole
mass estimates and applications in quasar cosmology. The merging
of quasar observations in the stacking procedure has the useful effect
of averaging out some of the unknowns related to the geometry of
the system such as the range of inclination or viewing angles within
the sample. We have specifically demonstrated this pipeline’s suc-
cess for high redshift quasars, a regime which currently has a dearth
of reliable observational results. This proof of concept is not limited
to high redshifts or RM with the C IV line. It can be used for other
broad emission line species, such as Hα , Hβ , and Mg II as well as
lines which have not received as much attention such as He I, He
II, and Hγ . An investigation into the sensitivities of this method has
laid out a clear picture of the boundaries of the data suitable for this
pipeline.

8.1 Limitations of Pipeline

There are several possible limitations of the pipeline which we dis-
cuss here. RM is limited by an artificial lag cut-off induced by the
combination of a finite observational baseline and lag range prior
which, in effect, flattens the R-L relation at high luminosities. In this
study the highest lag simulated is 383 days in the observed frame so
the lag prior upper boundary of 500 days is not impinging on the lag
recovery. Our photometric baseline extended to 1400 days so the lag
measurement is not restricted on this front either. We made the deci-
sion to not include the highest luminosity bin quasars (see Figure 4)
due to insufficient numbers in that range to allow for proper binning.
This area of the luminosity-redshift space may contain quasars with
lags that go beyond 1000 days in the observed frame. If these are
to be included in future studies, it is imperative that the lag prior is
expanded, perhaps to 1500 days, and that the photometric baseline
is extended comparably.

The R-L relation has an intrinsic scatter in addition to the dis-
persion due to uncertainty in luminosity and time lag measurements
(Kilerci Eser et al. 2015). Stacked RM may be vulnerable to the
dispersion in the R-L relation due to the inclusion of a more diverse
collection of quasars which is necessary due to the size of the sample
needed. The outcome will be that the averaged result will be biased
towards the subset of the quasar population with higher variability

patterns at a given luminosity since they have stronger lag signals.
Past studies have shown limiting the sample to a specific subset of
the quasar family decreases the R-L relation dispersion, such as plac-
ing an upper limit on the accretion rate (Du & Wang 2019).

The transfer function that transmutes the continuum light curve to
the emission line light curve (see Equation 3) is assumed by JAVELIN

to be of a certain parametric form, the top-hat transfer function given
in Zu et al. (2011). There have been other parametric forms for the
transfer function investigated such as Gaussian or exponential (e.g.,
Li et al. 2016a; Yu et al. 2020b). When conducting this pipeline
on real light curves it is worth bearing in mind that the top-hat
transfer function is very simplistic given that the transfer function
may be asymmetric and multimodal. By using JAVELIN in our mock
pipeline, we are assuming the same quasar variability and light curve
model as those assumed in the light curve simulations. The results
from this mock study here are free from the issues caused by theoret-
ical simplifications in a data study. It is left to future work to investi-
gate the effect of simulating the light curves with transfer functions
of different parametric forms on the stacked RM results.

The simulations have also assumed that the broad emission line
light curve will always be echoing the continuum variations through-
out the observations baseline. In reality, this may not be the case as
Dehghanian et al. (2019) discovered that during the intensive moni-
toring campaign of NGC 5548 by the AGN Space Telescope and Op-
tical Reverberation Mapping project (AGN STORM, De Rosa et al.
2015; Horne et al. 2021) there was a period during which the broad
emission lines became decoupled from the continuum and did not
exhibit the reverberations found at other times. This was coined the
‘BLR holiday’. When the BLR is on holiday, the broad emission
line light curve does not show any correlation to the variations in
the continuum light curve and hence does not display any lag. The
frequency of BLR holidays and the fraction of quasars in the stack
that have DESI epochs amid such a holiday may have a significant
impact on the lag measurement as these objects in the stack will only
add noise without a signal. This requires further investigation.

One of the greatest difficulties in this project was the employment
of JAVELIN. The JAVELIN code was originally created for a specific
purpose and to conduct RM for a particular set of data. It is a great
resource for measuring lags according to a Bayesian framework, yet,
it is inherently designed for well-sampled light curves of a certain
nature. For example, the ratio between the time lag and the length of
the light curve is an important factor for JAVELIN. The light curve
should be several times longer than the lag, whilst the continuum
light curves meet this criteria, the C IV light curves are often shorter
or comparable to the lag. In the process of developing the pipeline
as described in Section 6, we ran into many numerical issues that re-
sulted in the MCMC chains not being able to converge with the mock
data provided. The pipeline described herein represents the approach
we ultimately identified as effective for addressing the challenges
posed by our sparse dataset. We wish to highlight the sensitivity of
the JAVELIN parameters we have defined, as they may significantly
influence the results. It should also be noted that JAVELIN may not
be the most practical or universally applicable tool for all RM stud-
ies. In light of this, we encourage the exploration of stacked RM
with other lag measurement codes that are currently available or are
being developed. For example, the LITMUS code was specifically
developed to overcome the numerical issues that frequently occur in
JAVELIN (McDougall et al. 2025).

There are numerous studies questioning the validity of the DRW
model for variability assumed in this project. In this project, we have
confirmed that, with the assumption of DRW-abiding light curves,
stacked RM can be successful with JAVELIN or perhaps another
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Bayesian code which assumes DRW. Studies show that the DRW
assumption does not hold universally, for example for high and low
frequency variations (de Vries et al. 2005; Kozłowski 2016; Read
et al. 2020; Yu et al. 2022; Stone et al. 2022). DRW does not take
into account flares, reprocessing, and feedback. C IV is often asso-
ciated with or affected by outflows which may mean its variability
pattern can significantly deviate from DRW. Therefore, interpolat-
ing the observed light curve upon this model is a potential source
of error and can produce false lag peaks. The stacking procedure
wards off these false lags as the real peak is bolstered, but assuming
a more correct model would help strengthen it even more. The al-
ternative options are to either adopt a more complicated model and
still reap the benefits of a Bayesian analysis or to adopt lag measure-
ment techniques that are independent of a variability model. CCFs
are an example of the latter approach, and they may serve as a use-
ful consistency check, despite their known limitations, as we have
done in this study in Section 9. To assess potential deviations from
a DRW model, we introduced noise into the observations time axis
to perturb them away from ideal DRW behavior. This modification
did not result in any significant changes to the outcomes. In future
work, it can be tested further by simulating the light curves with
a completely different model or by using empirical realisations of
the DESI-ZTF light curves to see if the lags can still be recovered
by JAVELIN. So far, this mock pipeline suffers from the concern of
possibly unrealistic light curve variation simulation.

When we are conducting the time lag measurement with JAVELIN,
we define uniform priors on the parameters. In the stacking proce-
dure we have made an implicit assumption that the priors of the time
lag parameter are independent. Brewer & Elliott (2014) counsels that
it may be incorrect to infer a parameter from its distribution across
a sample where the individuals are analysed separately yet have de-
pendent priors. We have purposefully designed our method such that
the quasars that are stacked have time lags clustered around the av-
erage time lag for that luminosity-redshift bin, hence, the priors are
not independent. Accordingly, Brewer & Elliott (2014) presents a
method named hierarchical reverberation mapping whereby the use
of hyperparameters are used to overcome this issue. Whether the
issue is genuinely a cause for concern is not clear since we have
found that a simple additive stacking competently recovered lags.
Hierarchical RM may be more computationally expensive given the
additional parameters but it does have the benefit of producing more
precise lag measurements and making the interpretation of the peaks
more straightforward.

We do not recommend any quality cuts for the lags produced by
this pipeline since we did not find any suitable SNR cut-off for the
lag peak which distinguishes the accurately recovered lags. An ex-
ample can be seen in Figure 18 where there are many low SNR lags
which accurately match the input lag and, on the other hand, high
SNR lags are not necessarily more accurate compared to low SNR
lags. The distinguishing factor between low SNR and high SNR lags
is high and low luminosity quasars, as shown in Figure 12. This ef-
fect is also present at a given redshift. Although at a given redshift
high luminosity quasars have higher SNR epochs in their spectra,
the variability is still lesser than those of low luminosity quasars, and
therefore they have a weaker lag signal. In a way, it is advantageous
that the low SNR lags are still able to recover the lag accurately as
enforcing a SNR cut would imply a luminosity cut on the sample and
the aim of this study is to expand into the high luminosity regime.

One of the findings of this study is that the developed pipeline
tends to underestimate lags. As confirmed through CCF analysis in
Section 9, this underestimation appears consistent across lag recov-
ery methodology, indicating that its source likely originates earlier
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Figure 21. Average of all the posterior distributions across all time-lag bins.
The peak is shifted to shorter lags (maximum at 55 days) in comparison
to the expected average of the peaks of the stacked posterior distributions
(maximum at 108 days). This is a manifestation of the systematic overdensity
at the lower lag end present in most of the stacked lag posterior distribution.
The underlying distribution beneath the peak is not uniform as expected but
there is a negative slope.

in the pipeline. We have not found any correlation between the mag-
nitude of this underestimation and parameters such as redshift, lu-
minosity bin width, or redshift bin width. We observe that the sys-
tematic underestimation of lags arises from the shape of the lag dis-
tributions, which are skewed toward shorter lags rather than being
uniformly flat with a superimposed peak. This phenomenon is evi-
denced by higher noise levels on the short-lag side of the peak in the
stacked distributions (this can be seen in Figure 9). Figure 21 is of
the averaged posterior distribution across all bins and it clearly illus-
trates this overdensity. The average lag across all bins is 108 days.
However, when we average the stacked posterior distributions of the
bins, the peak does not align with the average lag, its MAP is po-
sitioned at 55 days. This considerable discrepancy persists even in
the presence or absence of seasonal gaps, as shown in Appendix B.
The stacking process amplifies not only the main peak but also the
low-lag overdensity, introducing a negative slope in the stacked dis-
tribution. Consequently, shorter lags are overrepresented, biasing the
overall result. Low luminosity quasars, which naturally have shorter
lags, are especially susceptible to this effect.

The SDSS stacked RM study presented in Li et al. (2017) found
something similar with stacked zDCFs producing average lags of the
sample significantly shorter than the Hβ R-L relation derived from
individual lag measurements by Bentz et al. (2013). They proposed
that this could be due to two reasons. Firstly, since their stacked lag
contained a wide range of luminosities and redshifts they believed
that the average lag was dominated by the lower redshift and lower
luminosity quasars which would have stronger lag signals given their
higher variability. They believed the solution to this would be to
weight the stacking based on the errors of individual zDCFs. The
second reason they suggested for the lower than expected lags is
that the sample contained quasars with higher Eddington ratios than
the local sample used to construct the Bentz et al. (2013) R-L rela-
tion and therefore would have a lower average lag. Our study here
eliminates both of these reasons for potential causes of the underesti-
mation. Our stacks of quasars have a sufficiently small range of lags
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per bin to discount the diversity of quasars as being the reason for
underestimation. For comparison, the average standard deviation of
the rest lags in a bin is around 1 day whereas the standard deviation
of the scatter around the expected R-L relation is 6.5 days. The sec-
ond reason is disproved by our light curve simulations in which the
true lag is known so the underestimation of the recovered lag is lit-
eral and not due to sample differences. The OzDES-RM stacked RM
analysis carried out in Malik et al. (2024) did not encounter this un-
derestimation. They even investigated the discrepancy between the
shorter SDSS-RM lags and their stacked lags consistent with Bentz
et al. (2013) via simulations of the differences in baseline and ca-
dence and did not find that the difference in observational programs
led to shorter lag measurements. In this study, we have further ver-
ified that the underestimation in lag is not linked to the presence of
seasonal gaps, and since the baseline was a controlled factor, it is
not due to this either. The stacked RM analysis by Eltvedt et al. (in
prep) also displayed consistently lower stacked lags than those pre-
dicted by literature R-L relations derived from individual lags. This
was dismissed since their large uncertainties meant that the lags are
still in agreement.

It is still unclear exactly what is causing the overdensity at the
lower end of the lag posterior. Some of the previous studies per-
formed stacked RM on light curves with far better spectroscopic
sampling so it is unlikely that the sparse cadence is the culprit. We
verified this using the runs with increased spectroscopic observa-
tions described in Section 7.4, and found that improving the cadence
did not affect the proportion of underestimated lags. Further inves-
tigation into this phenomenon is critical for characterising scatter in
the R-L relation so that we can decompose the scatter into numerical
and physical components.

8.2 Limitations in Observations

In this mock study, we did not need to circumvent obstacles related
to observations. Here, we briefly discuss the array of observational
limitations one must tackle when applying this pipeline on real data.

It is likely that photometric bands may still be contaminated with
broad line flux even after the process we described in Section 5. We
have only taken into account the most dominant broad lines in our
target redshift range, C IV and Mg II, but others may be present such
as C III] λ1909Å. Some high BH mass quasars or quasars with out-
flows may have very broad lines that extend beyond the width we
used to calculate the redshift ranges for the photometric bands and
so would leak into the neighbouring bands. This part of the quasars
spectrum also covers the Fe II pseudo-continuum (Kovačević et al.
2010) and diffused scattered BLR emission (Korista & Goad 2019;
Pandey et al. 2023; Jiang et al. 2024). All non-continuum contami-
nations have the power to alter the BLR lag measurement. The pho-
tometric light curves may also need to be "detrended", this is the
process of removing long time-scale secular variations that are un-
related to reverberation (Welsh 1999; Li et al. 2016b; Peterson et al.
2014; Edelson et al. 2024).

RM also makes the assumption that the BLR is stable, i.e. the time
lag is constant. The time lag may not be observed to be constant due
to obscuration effects. There is also the possibility of extra sources of
broad line variability and variability due to microlensing (Hawkins
& Taylor 1997). Additional non-reverberating components that ef-
fect the shapes of the light curves can lead to underestimation of
lags. One could strive to purify the light curve of these extra com-
ponents. Quasars are complex systems and simplifying assumptions
are made to gain an estimation of the size of the BLR. As better
data becomes available, RM will be able to probe finer details of the

BLR environment. For example, past studies have investigated BLR
geometry via velocity-resolved RM (Bentz et al. 2008; Denney et al.
2009; Villafaña et al. 2022; Bentz et al. 2023). However, stacked
RM provides relief from some of these concerns as it does not claim
to achieve individual lags. It offers an average lag that blurs out the
secondary lag influences caused by the complexities and diversity of
individual systems.

The main reason behind high luminosity-high redshift bins having
worse lag measurements in terms of SNR is due to low variability
and time dilation. To capture these quasar’s variability patterns well,
it is necessary for the observational cadence to be spread out further
and extended beyond the cadence of DESI DR2 data used in this
mock study. The DESI data used in this study is sufficient to recover
lags for these quasars but, to increase the SNR, follow-up observa-
tions are needed to supply more spectral epochs in order to produce
the same quality measurements as the low luminosity-low redshift
quasars (see Figure 18). If these cannot be acquired then the survey
design’s constraints can be counteracted by stacking more quasars
in the higher luminosity-redshift bins.

If one is to take the approach of having very narrow luminosity-
redshift bins, the observed lags being stacked will be very similar.
Seasonal gaps cannot be avoided. Extra care is needed to check
whether the lag for that bin would not mean the spectroscopic data
always falls into the same photometric seasonal gap making lag mea-
surement unsuccessful.

We placed a broad line detection cut on the quasar sample of C IV

flux SNR > 15. This is implicitly biasing the sample to brighter
quasars and causes the recovered R-L relation to be dominated by
lower variability sources.

RM is only possible when there is detectable intrinsic variability
in the light curves. We tested the variability of the quasar sample
using the photometric light curves by calculating the variability fac-
tor defined (Rodríguez-Pascual et al. 1997; Bao et al. 2022; Benati
Gonçalves et al. 2025) as:

fvar =
(σ2 −∆2)1/2

⟨ f ⟩
, (7)

where

∆
2 =

1
N

N

∑
i=1

∆
2
i , (8)

⟨ f ⟩ is the unweighted mean flux, σ is the rms flux, N is the num-
ber of individual observations, and ∆2 is the mean square values
of the uncertainties. All the quasar light curves in our data sample
had detectable variability, i.e., fvar > 0. This reassures us that RM
is viable for even the highest luminosity and highest redshift bins,
which are the least variable. We repeated this analysis on our mock
light curves which gave a variability distribution very similar to the
variability distribution of the photometric light curves; yet another
confirmation of the soundness of the simulated light curves.

8.3 Future Uses

This pipeline can be fine-tuned in future studies in a myriad of ways.
One way is to use JAVELIN’s functionality for simultaneously fitting
lags with two broad lines which may help eliminate false correla-
tions between light curves and prevent aliases in the lag distribu-
tions. Similarly, two photometric bands instead of one, if available,
may be used by JAVELIN for characterising the quasars continuum
variability with higher certainty.

Another opportunity of research is to exploit DESI’s large and di-
verse quasar sample and further split it by various observational and
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intrinsic properties in order to elucidate how the R-L relation varies
with quasar sub-populations. This split could be in accretion rate,
looking at sub-Eddington, Eddington, and super-Eddington accre-
tion (Du & Wang 2019; Donnan 2021) or simple empirical cuts to
define bright and faint samples (Eltvedt et al. in prep).

Stacked RM has a promising future ahead. There are several
opportunities within upcoming surveys to supplement the spectro-
scopic and photometric data explored in this paper. This includes
the additional data obtained for the remaining durations of both
DESI and ZTF surveys. Our results in Section 7.4 demonstrates
the benefits of increasing the number of spectroscopic observations
and baselines. There may be opportunity to add follow-up observa-
tions of DESI quasars through a secondary target program. At the
finalisation of the DESI survey, it will be followed by the DESI-II
program which aims to bring the accomplishments of DESI to the
higher redshift regime, since DESI-II will include additional obser-
vations of at least the z > 2 quasars (Schlegel et al. 2022). This will
be of key importance to advancing the path laid out in this work
with the availability of larger samples of quasars with ≥ 2 observa-
tions to constrain the R-L relation. It is also possible to append past
spectroscopic data from surveys such as SDSS. Other data opportu-
nities that may improve the results obtained by stacked RM could
be a dedicated program using WEAVE (Jin et al. 2024), or the up-
and-coming 4MOST’s Time Domain Extragalactic Survey (TiDES
Frohmaier et al. 2025), or WST (Bacon et al. 2024), or possibly
MOONS for infrared RM (Cirasuolo et al. 2020). These will all
serve to increase the sample size available for more complex stacked
RM studies and increase the number of spectroscopic observations
per quasar. On the photometric side, great advances will be made
with the advent of LSST which will provide 10 years worth of high
cadence photometry.

Among the benefits of the investigation described in this paper is
that we state the baseline data required for a successful stacked RM
program with DESI to be the following. There should be at least
400 quasars per bin. A lag signal is not detectable with only tens
of quasars but it should be with hundreds. Any quasar with ≥2 ob-
servations should be included. Quasars with only two observations
need not be discarded in favour of quasars with more observations,
retention of a larger sample is more important. Nonetheless, any ob-
servational strategy for stacked RM should first prioritise extending
the spectroscopic baseline, then obtaining more than eight obser-
vations for a substantial fraction of the quasars per bin once it has
been populated with 500 quasars (there is only a small amount of
improvement in lag recovery with the addition of more quasars).
The maximum bin width used in the main run as a fraction of the
mean luminosity is 0.44 which is for the lowest luminosity bin. In
the bin size tests described in Section 7.5 the maximum bin width
fraction we tested is 0.4. The fractional redshift bin widths in the
binning presented in Figure 4 have a median of 0.13, a minimum of
0.03, and a maximum of 0.53. Luminosity-redshift bins that are at
the upper limit of bin width are prone to produce inaccurate lags due
to the inclusivity of a broader lag range in the stack. Nevertheless,
the number of quasars per bin should not be compromised in favour
of a smaller bin width. The entire available photometric light curve
should be used to maximise the continuum variability characterisa-
tion.

9 VALIDATION OF STACKED RM WITH
CROSS-CORRELATION FUNCTIONS

As previously mentioned, lag recovery methods utilising CCFs have
historically been the most popular for RM. The stacked RM studies
that have been conducted have all depended on the stacking of CCFs
in some way. The debut stacked RM paper by Fine et al. (2012) de-
veloped a stacking scheme that directly utilised a basic CCF without
any additional technicalities. Li et al. (2017) cleverly innovated a
new stacking method that exploited the zDCF. More recently, Malik
et al. (2024), and Elveldt et al. (in prep) stayed close to the method
presented by Fine et al. (2013). The stacking in each of these stud-
ies is done by determining an average of the correlation coefficient
within a time lag bin which includes all of the light curve data points
that fall into that lag bin across all the quasars stacked.

Although we selected JAVELIN as the primary lag recovery
method for our pipeline, in this section we present an alternative ap-
proach using CCFs. This serves as an independent validation of the
stacked RM analysis performed with DESI. Repeating the stacked
RM analysis using CCFs also provides a consistency check against
previous stacked RM studies that employed similar methods. Our
cross-correlation analysis follows the methodology outlined in Fine
et al. (2012). The stacking implementation here differs from that of
earlier CCF-based RM studies, it more closely resembles the ap-
proach we used with the MCMC posterior distributions. Instead of
stacking the cross-correlation coefficients directly, we stack the pos-
terior distributions of the cross-correlation function peaks.

9.1 Adapted Stacked RM method with CCF

The methodology of producing the mock light curves for the CCF
analysis is identical to what has already been explained in detail in
Section 5. The parameters for these mocks are the same as the ones
we used for the main mock run with JAVELIN. To summarise, we
simulate 250 mock light curves, employing the distributions of flux
errors and seasonal gaps that are true to the data, and populating the
same luminosity-redshift bins, as displayed in Figures 4-7. The mini-
mum number of spectroscopic repeats is 2. The photometric baseline
for the continuum light curve is set to 1400 days. Instead of feeding
the mock light curves into JAVELIN, we perform the following CCF
analysis.

For each quasar, we simulate 800 light curve realisations. This is
inspired by the Monte Carlo technique named ‘flux randomisation/
random subset selection’ (FR/RSS) method developed by Peterson
(1998) which is used to generate different realisations of an observed
light curve in order to estimate the uncertainty in the CCF lag mea-
surement and test the sensitivity of the lag measurement to the flux
errors and sampling characteristics of the light curves. The gener-
ating of light curve realisations is used to build up a distribution
of the CCF peaks derived from the individual realisations, named
the cross-correlation peak distribution (CCPD), and the lag uncer-
tainty is found by measuring its scatter. Since we are dealing with
mocks, we have the liberty of simply resampling 800 different ob-
served light curves from the underlying light curve of a particular
quasar with different cadences and fluxes to mimic FR/RSS. Usu-
ally, a much larger number of realisations are used in the FR/RSS
method, On the order of 103 (e.g., Haas et al. 2011) to 104 (e.g.,
Chelouche et al. 2017). The justification behind such a large sam-
ple size is to statistically remove artefacts in the CCPD related to
limitations in the acquiring of data and the method of its process-
ing (Edelson et al. 2024). We find that 800 realisations are enough
to distinguish a clear lag peak in the distribution. Furthermore, any
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artefacts in the individual CCPDs would be suppressed in the stack-
ing procedure. In fact, a stacked CCPD will incorporate a total of
200,000 (800 × 250) realisations which is more than sufficient to
minimize the uncertainties associated with small-number statistics.

For each light curve pair realisation, we calculate a CCF. This is
done by calculating the time lag between each continuum and C IV

line flux pair, ti, j = tL, j − tC,i. These time lags are used to create 30
equal-population bins of data pairs. This number of bins is chosen
to balance resolution in the CCF and maintaining an adequate num-
ber of data pairs in each time bin. The correlation coefficient, rk, is
calculated for the data pairs in each bin, labelled k:

rk =
1
nk

∑
i, j

(Ci −C̄)(L j − L̄)
σCσL

(9)

where Ci and L j are the fluxes of the data points in the continuum
and C IV line light curves respectively for the data pairs in bin k, nk is
the number of pairs in bin k, and σc and σL are the root mean squares
of the overall continuum and emission line light curves respectively.
The CCF is the plot of the correlation coefficient, rk against the cen-
tre lag of time lag bin k, tk. Traditional RM would stop here and
measure the time lag of a single quasar via the peak or centroid of
this function. Previous stacked RM studies like that of Fine et al.
(2012) and Malik et al. (2024) would first stack these CCFs with the
CCFs of similar quasars before measuring the time lag. We take a
different approach here. We calculate the CCF for each realisation
of an observed light curve from an objects underlying light curve.
The peak of each CCF is used to create a CCPD (Maoz & Netzer
1989). The CCPD is commonly used to determine the error of the
lag measured from the peak of the CCF of the original light curve
(e.g., Yu et al. 2022). In our case, after examining the CCPDs that are
produced by the 800 realisations of each quasar, we found that the
peak distributions are very broad and exhibit multiple peaks. This
means that basing the lag measurement on the nominal CCF pro-
duced from just one light curve realisation of a quasar is unreliable.
Therefore, we decided to incorporate the results of the CCPD into
the stacked RM lag measurement.

We stack the CCPDs of each quasar treating it identically to the
lag posterior distribution given by JAVELIN. In the same way we set
a hard lag boundary for the MCMC walkers in JAVELIN, we also
restrict the peak lags we include in the CCPD to be between 0 and
500 days. The CCPD and JAVELIN’s posterior lag distribution are
very similar in so far as they are both probability density distribu-
tions of the possible lag measurements that can be achieved from
one quasar. An example of a stacked CCPD for a bin with aver-
age luminosity at 1350Å of 6.1× 1045ergs−1 and average redshift
2.76 is shown in Figure 22. This bin of quasars is very similar to
the sample of quasars used to build the stacked lag posterior distri-
bution shown in Figure 9, this time with a slightly higher average
input lag of 187 days. In both cases, the time lag is well-recovered.
Moreover, the SNR of the lag peaks and the overall qualitative struc-
ture of the distributions are comparable. Overall, the stacked CCPDs
produce lags which are more consistently accurate and have fewer
occurrences of outliers. Hence, we confirm in this study, as has been
done previously, the ability to recover lags via CCF-based stacked
RM. Importantly, we confirm our main pipeline for obtaining lags
for DESI quasars with stacked RM since the set-up is identical and
all that has been replaced is the lag recovery methodology.

After obtaining the stacked lag CCPD, the method resumes to the
main pipeline. To summarise, the stacked CCPD of 250 quasars,
each with 800 light curve realisations, is fitted with a Gaussian ker-
nel, the highest lag peak in the distribution is isolated, the location
of the MAP is the lag measurement and the 16th/84th percentiles of
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Figure 22. A stacked cross-correlation peak distribution (CCPD) from 250
quasars in a bin with average luminosity at 1350Å of 6.1× 1045ergs−1 and
average redshift 2.76. The average input lag is 187 days (solid blue line) and
the recovered lag is very close at 189 days (solid orange line). The stacked
CCPD is purposely shown for a bin which is similar to the bin used to cre-
ate the stacked lag distribution in Figure 9 to allow for comparison. The use
of CCFs instead of JAVELIN resulted in very similar lag distributions qual-
itatively. The bounds for the peak used in determining the lag uncertainty
and SNR are shown as dash-dotted dark-blue lines. The horizontal dark grey
dotted line represent a SNR value of one to separate noise from significant
peaks.

Figure 23. An adapted flow chart to show how stacked RM can be done
using cross correlation functions. This first part of the pipeline that produces
the mock light curves is identical to Figure 10 and has not been duplicated
here.
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Figure 24. The recovered lag of each stacked CCPD plotted on the radius-
luminosity plane. Details same as Figure 11. The results suggest that, for
these idealised survey simulations, CCFs can successfully recover time lags
through stacked RM despite sparse spectroscopic cadence. However, this per-
formance does not generalise to cases with aligned seasonal gaps between
spectroscopy and photometry, where the CCF lag recovery deteriorates sub-
stantially.

the peak are the errors for this luminosity-redshift bin. We present in
Figure 23 the alternative latter half of the stacked RM pipeline with
CCFs which serves as an independent check to the JAVELIN pipeline
show in Figure 10.

9.2 Recovery of the R-L relationship with CCF

We provide here a corresponding set of results to those of the main
pipeline for the sake of comparison. Figure 24 presents the recovered
lags for all the bins on the R-L plane. Overall, the CCF recovered
lags have a smaller uncertainty than the JAVELIN pipeline as can be
seen by the generally smaller error bars. At the higher luminosity
end the results are very similar to the JAVELIN pipeline. However,
there is a clear contrast at the lower luminosity end. The pipeline
with CCFs seems to struggle to recover low luminosity lags as seen
by their deviation from the input Hoormann et al. (2019) relation
and the inflation of the error bars. There is a bias towards underes-
timation of the lag. This seems to be an exacerbation of what has
already been found in the JAVELIN pipeline. The underestimation is
a feature of the MCMC lag posteriors and this bias is even more ex-
aggerated in our analysis with CCFs. In both the JAVELIN and CCF
recovered R-Ls, the underestimation is seen to be more pronounced
at low luminosities. This confirms that the bias is method indepen-
dent. Our results reveal that the CCF-substituted pipeline shows a
higher level of sensitivity to the undetermined cause of systematic
underestimation.

Figure 25 presenting the SNR of the lag peaks in the CCPDs de-
picts the same trends we have seen before in relation to luminosity
and redshift. There is an inverse relation between both luminosity
and redshift and the SNR. Fascinatingly, the overall SNR ratio with
the CCF method is higher than for the main pipeline. For reference,
the lag peak in the stacked posterior distributions has SNRs ranging
from 1.05 to 1.45 whilst the peak in the stacked CCPDs has SNRs
ranging between 1.24 and 2.11. Visual inspection of the stacked
CCPDs makes it evident what the reason for this is: the stacked
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Figure 25. The SNR of the CCPD lag peaks for each luminosity-redshift bin.
Details same as figure 12.

CCPDs have a very low rate of secondary false peaks compared
to JAVELIN’s stacked lag distributions. In other words, the stacked
CCPDs appeared to have a higher level of smoothness so the ‘noise’
is weaker and has less power to diminish the signal. This can even
be seen in the examples already presented in Figure 9 and Figure
22. Whereas JAVELIN is plagued with numerical issues involving
walkers getting stuck at local minima and forging aliases, CCF cal-
culations evades these complications.

The recovered R-L relation from the CCF pipeline is shown in
Figure 26 which has the form:

logR[days] = (0.73±0.023)+(0.54±0.017) log
λLλ (1350Å)

1044[ergs−1]
.

(10)

This R-L relation does not agree with the input R-L given in Equa-
tion 5 to 1σ . It is actually only in agreement within 4σ and this is
due to the pronounced underestimation of lags at low luminosities
combined with smaller uncertainties. Although CCPD lags appear
to be more precise than those from JAVELIN, they exhibit a stronger
systematic bias toward underestimation. As a result, the final R-L
relation derived from CCPD lags is more susceptible to being offset
toward lower lag or radius values, with uncertainties that may give a
misleading impression of accuracy. This finding is present in the lit-
erature which led to our selection of JAVELIN for the main pipeline
(see Section 6.1). Kilerci Eser et al. (2015) reported that their R-L
fit for the CCF lags had a steeper slope than that from JAVELIN lags.
This is also what has been found in this study, a slope of 0.51 for
JAVELIN compared to a slope of 0.54 for CCF.

That said, the systematic uncertainties and biases for JAVELIN and
CCFs are both small and within the intrinsic scatter of the observed
R-L relationship. The JAVELIN lags had a scatter of 0.033 dex and
the CCF lags had a scatter of 0.024 dex both measured around the in-
put R-L relation. These are both less than 5% of the observed scatter
in the C IV R-L relationship (∼0.5 dex, Shen et al. 2024). Despite
the fact that CCF lags seemed to be more precise in the main run
they were still less accurate compared to JAVELIN, and so this must
be taken into account if they are used in future stacked RM stud-
ies. It may be most suitable to restrict the use of CCFs for stacked
RM with DESI-like data to only the high-luminosity regime, in or-
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Figure 26. The recovered radius-luminosity relation using CCFs shown as a
solid red line. Details same as Figure 13.

der to circumvent the effects present at low luminosities. Beyond
the findings of the main run, additional tests determining lags from
CCPDs using mock light curves with degraded cadences and ampli-
fied seasonal gaps, thereby further reducing data quality, proved to
be detrimental to the performance of the CCF-based approach. Sea-
sonal aliasing came to dominate the CCPD shape and consequently
produced null results. Since CCPD lag recovery completely mal-
functions when seasonal gaps are enhanced, their application is thus
restricted.

10 CONCLUSION

The results of this feasibility study conclude that stacked RM
with DESI-like data is possible using the Bayesian MCMC code
JAVELIN. This has been proved with a mock quasar light curve sam-
ple that was simulated using a DRW model and sampled accord-
ing to DESI and ZTF observational properties. The lag between the
continuum and C IV broad emission line light curves was set accord-
ing to the C IV R-L relation found in Hoormann et al. (2019). The
stacked RM method described in this paper recovered the input R-
L relation within 1σ . This demonstrates that a survey designed for
cosmology may be used for RM to reach a better understanding of
quasar populations. The power to measure lags degrades with higher
luminosity quasars due to lower variability light curves. Future work
is needed to strengthen the robustness of this regime. We identified
several factors that may effect the measurement of a time lag and we
tested the robustness of the pipeline against these, the conclusions of
which are:

• Inflating the uncertainty in the broad emission line flux mea-
surement can degrade the accuracy of the recovered lag, however,
the overall impact is small since the R-L relation remains to be re-
covered to 1σ (see Section 7.1).
• Choosing photometric surveys that have a multi-year baseline

(around ≳1000 days) is also strongly recommended for sufficient
continuum variation characterisation (see Section 7.2).
• We recommend stacking at least 400 objects in each

luminosity-redshift bin to minimise the lag uncertainty (see Section
7.3).

• Quasars with ≥ 2 spectroscopic observations can be included
in the stack. Limiting the sample to quasars with more spectroscopic
epochs (>2) is not justifiable considering the weak improvement in
lag recovery (see Section 7.4). Rather, it is highly beneficial to focus
on lengthening the baseline of the spectroscopic light curves instead.

The stacked RM results were validated by conducting an alterna-
tive stacked RM method with CCFs which confirmed that the time
lags could be recovered. However, CCFs are affected by systematic
uncertainties to a greater degree than JAVELIN whilst at the same
time giving smaller errors, therefore rendering the lags unreliable.
The CCF-based stacked RM method also fails to recover lags when
the light curves are degraded, particularly when seasonal gaps are
amplified.

DATA AVAILABILITY

The DESI data at the foundation of this study is publicly available as
part of Data Release 1 (see https://data.desi.lbl.gov/doc/
releases/dr1/). The data that can be used to recreate all the fig-
ures in this paper is made public in a Zenodo repository.
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Figure A1. The difference between the measured log lag and the input log
lag of a bin against the SNR of the lag peak in the bins stacked posterior
distribution. The results are shown for three different runs where the only
variable changed is the width of the lag prior in JAVELIN: a fixed range 0-
1000 days (orange), a fixed range 0-500 days (light gray), and a relative range
of 200 days centred around the expected lag in that bin (dark grey). The
horizontal line is situated at the average deviation of the measured lag from
the input lag and spans the range of SNRs in the run. The accuracy of the lags
recovered is increased with tighter lag priors. Counterintuitively, the SNR
range shifts to lower values with tighter priors. This is because when we
reduce the lag range to be around the expected lag the MCMC walkers are
more likely to explore the entire range more equally compared to a very wide
range where higher lags are not probed as much by the walkers making the
lag peak stand out from the rest of the distribution.
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APPENDIX A: DEPENDENCY ON THE TIME LAG PRIOR

JAVELIN allows one to define lag limits when calculating the poste-
rior distributions. The chosen prior may influence the final lag mea-
sured. We tested three prior lag ranges:

• A fixed range of [0,500] to cover all the expected lags for the
entire simulation suite.

• A fixed range of [0,1000] to reflect how finding longer lags is
possible given the photometric light curve length available, as well
as the 8-year DESI survey length. This lag range prior has the least
bias towards the expected results.

• A relative physical range [l-100, l+100] where l is the expected
average lag for that luminosity-redshift bin. This range has a width
of 200 days. This may bias the recovered lag. Avoiding the use of
a previously determined R-L relation to limit prior assumptions is
preferred, since we want our method to produce an independent R-L
relation.

Usually, a negative lag range is included to estimate the occurrence
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rate of false positives since negative lags are unphysical according to
our current understanding of AGN geometry and kinematics. In this
study, we have not opened the prior space to negative lags as we are
working with simulations with known lags and therefore can directly
deduce which lags are false detections. Also, the continuum light
curve is truncated 50 days after the date of the last spectroscopic
epoch so a negative lag range cannot be properly explored due to the
light curve set up.

We found that the smaller the prior lag range, the more accurate
the lags recovered, and hence a better recoverability of the R-L re-
lation. These results, shown in Figure A1, indicate it is important to
carefully pick the prior lag range due to the sensitivity of JAVELIN’s
MCMC method. Providing a wider prior counter-intuitively results
in a stronger lag signal (higher SNR). Due to the sparse light curves,
the MCMC walkers explore the whole range of lags. A larger range
dilutes this "exploration" noise in the posterior distribution and al-
lows the correct lag peak to stand out more. In a tight prior the walk-
ers explore a more concentrated space so the lag peak and noise do
not have as much contrast in the posterior distribution.

APPENDIX B: EFFECTS OF THE PRESENCE OF
SEASONAL GAPS

Part of our initial testing of the pipeline was to see if a null result
is recovered with the removal of the lag between the continuum and
emission line light curves and, further, to what extent does the ab-
sence of seasonal gaps enhance the lag result.

We conducted tests by modifying the suite of light curve pairs
so that there is no lag between them and by completely removing
seasonal gaps in their sampling. We conducted four pipeline runs
across all bins for the following test cases: no lags and no seasonal
gaps, with lags and without seasonal gaps, no lags with seasonal
gaps, and with both lags and seasonal gaps.

Figure B1 shows the average stacked lag distributions across all
bins for each run. When the lag is removed we find that on average
we achieve a null result, with the peak of the averaged posterior dis-
tributions being at zero. Importantly, these distributions show that
no systematic aliases, or significant secondary peaks, appear when
there are seasonal gaps present in the mock photometric light curves.
There is an upturn at the upper lag boundary which appears due to
JAVELIN’s oversampling near the prior boundary as reported by Mc-
Dougall et al. (2025). This is more noticeable in light curves without
seasonal gaps. What is clear from these tests is that seasonal gaps
considerably diminish the lag peak which can be seen in both the
runs with and without lags. This illustrates the observational limi-
tations of RM since seasonal gaps restrict the SNR achievable by
stacking. The position of lag peaks in both lag runs are in agree-
ment. The average simulated lag across all bins is 111 days in both
runs. The results of the two runs both recover an average lag of 109
days which is within 1σ of the average simulated lag. We would
expect the MAP of the averaged distribution across all bins to fall
on 109 days. Surprisingly, it is found at a much lower lag around 60
days. This provides a hint towards the systematic underestimation of
lags produced by the pipeline. Although lags are mostly recovered
well in individual bins, meaning the MAP of the peak is at the cor-
rect lag, the averaging of the stacked posterior distribution reveals
the bias towards lower lags across all stacked distributions.

Figure B2 shows the measured lag compared to the true lag for all
bins in each run. The removal of seasonal gaps reduced the scatter in
the lag recovery. For the run without a lag, we see more points clus-
tered towards smaller lags, closer to the true lag zero, when there are

0 100 200 300 400 500

Lag [Days]

Lag + Gaps

Lag + No Gaps

No Lag + Gaps

No Lag + No Gaps

Figure B1. Average of stacked lag posterior distributions of all bins for four
runs with modified light curves. The peak of the runs with no lag simulated
between the light curve pairs are at zero as expected with no additional aliases
due to observational cadence. The peak of the distributions with a lag roughly
corresponds to the median lag over all luminosities and redshifts. This shows
that no additional aliasing appears with the presence of seasonal gaps. How-
ever, the significance of the peak does drop significantly.
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Figure B2. Measured versus simulated lags for each bin in four runs with
modified light curves. The scatter around the ratio of equality (solid dark grey
line) increases with the presence of seasonal gaps for both runs with a lag and
no lag. The line of best fit for the points with both lag and gaps (dashed blue
line) shows that there is a slight underestimation in lag measurement caused
by the presence of seasonal gaps at the high lag end, corresponding to higher
luminosities. The solid red line is almost coincident with the line of equality
presenting the power of this method in the absence of seasonal gaps.

no seasonal gaps. In both cases, the scatter remains below 50 days.
For the runs with a lag, the average scatter is 18 days when seasonal
gaps are included, and it is reduced by half, to 9 days, once these
gaps are removed. These runs give us an estimation of the expected
false positive rate. A clear example is the extreme outlier in the run
with both lags and gaps (blue point towards the top of the plot),
which occurred since there is a secondary false peak with a simi-
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lar probability as the true lag peak in the distribution. These outliers
happen spuriously and have a low occurrence rate. In the runs with a
lag, seasonal gaps reduce lag recovery, especially at longer lags. The
magnitude in the scatter of the lag runs directly reflect the magnitude
of scatter in the no lag runs, with and without gaps respectively.
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