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Abstract

We investigate Lyman-alpha (Lyα) transmission spikes at 5.2< z< 6.8 using synthetic quasar spectra from the
“Cosmic Reionization on Computers” simulations. We focus on understanding the relationship between these
spikes and the properties of the intergalactic medium (IGM). Disentangling the complex interplay between IGM
physics and the influence of galaxies on the generation of these spikes presents a significant challenge. To address
this, we employ Explainable Boosting machines, an interpretable machine learning algorithm, to quantify the
relative impact of various IGM properties on the Lyα flux. Our findings reveal that gas density is the primary factor
influencing absorption strength, followed by the intensity of background radiation and the temperature of the IGM.
Ionizing radiation from local sources (i.e., galaxies) appears to have a minimal effect on Lyα flux. The simulations
show that transmission spikes predominantly occur in regions of low gas density. Our results challenge recent
observational studies suggesting the origin of these spikes in regions with enhanced radiation. We demonstrate that
Lyα transmission spikes are largely a product of the large-scale structure, of which galaxies are biased tracers.

Unified Astronomy Thesaurus concepts: Intergalactic medium (813); Reionization (1383); Lyα forest (980)

1. Introduction

Observations of the Lyman-alpha (Lyα) forest in quasar
spectra effectively map hydrogen gas distribution in the
Universe. Simulations from the mid-1990s demonstrated that
the Lyα forest at intermediate redshifts (z∼ 2–4) manifests the
small-scale tail of the cosmic large-scale structure, challenging
earlier physical models that attributed the features to astronom-
ical objects such as pressure-confined clouds, shocks, and mini-
halos (R. Cen 1994; L. Hernquist et al. 1996; Y. Zhang et al.
1997). The Lyα forest has subsequently become a fundamental
tool in modern astrophysics, with applications ranging from
measuring cosmological parameters and matter clustering to
constraining the level of turbulence in the intergalactic medium
(IGM; P. Gaikwad et al. 2017; J. S. Bolton et al. 2022), as well
as the thermal and ionization state of the gas (L. Hui &
N. Y. Gnedin 1997; G. D. Becker et al. 2011; G. D. Becker &
J. S. Bolton 2013; E. Boera et al. 2016; K. N. Telikova et al.
2019; M. Walther et al. 2019; P. Gaikwad et al. 2020, 2021).

However, the large Lyα cross section means that even a tiny
hydrogen neutral fraction (xH I∼ 10−4) produces complete
absorption (H. Bi & A. F. Davidsen 1997; M. Rauch 1998;
D. H. Weinberg et al. 2003). As the Universe is more neutral at
higher redshifts, the Lyα forest becomes denser. Eventually,
somewhere around z∼ 5, the appearance of the quasar spectrum
changes dramatically—clear absorption lines disappear, replaced
by blended absorption features and sporadic “transmission
spikes,” i.e., regions of incomplete absorption (see G. D. Becker
et al. 2015 for a review). The quasar absorption spectrum now
resembles an emission spectrum, yet the transmission spikes do
not exhibit the defined shapes typical of Doppler or Voigt profiles

—in fact, the precise shapes and variations of the transmission
spikes are still unknown. The origins of these spikes are also
unclear: while many of the spikes likely arise from low-density
regions (where there is minimum absorption) (R. A. C. Croft
et al. 1998; J. Miralda-Escudé et al. 2000; M. S. Peeples et al.
2010), it is uncertain if they are exclusively associated with
cosmic voids (E. Garaldi et al. 2019; P. Gaikwad et al. 2020;
L. C. Keating et al. 2020; F. Nasir & A. D’Aloisio 2020).
Moreover, the spatial correlation between the transmission spikes
and galaxies is unclear. While galaxies enhance local ionizing
radiation, leading to decreased absorption (K. L. Adelberger et al.
2003; S. Cantalupo et al. 2012), they also live in denser regions
where absorption is naturally higher (H. J. Mo &
S. D. M. White 1996; O. Rakic et al. 2012). Despite this,
contradictory evidence exists in current observational data, which
shows decreased absorption near galaxies. (e.g., K. Kakiichi et al.
2018; R. A. Meyer et al. 2019). However, it is important to note
that these observations are sensitivity-limited and potentially
missing low surface brightness galaxies that could significantly
contribute to the ionizing photon budget.
Our understanding of the Lyα forest is rather comprehensive at

z< 5, yet it becomes markedly limited beyond z∼ 5. The influx of
high-quality data from JWST intensifies this discrepancy. In the
near future, 30m class telescopes will begin observing fainter
quasars in fields with sufficiently deep JWST exposures, and it is
anticipated that numerous synergistic observational programs will
emerge (G. Becker et al. 2019; A. Cooray et al. 2019; S. Furlanetto
et al. 2019; P. La Plante et al. 2019; M. Rieke et al. 2019). Such
programs could provide valuable observational constraints and
enhance our understanding of the connection between galaxies and
the IGM. However, these detailed observational data risk being
underleveraged without a proper theoretical interpretation.
Fortunately, reliable theoretical and computational tools are

now available to enhance our understanding of high-redshift
quasar spectra significantly. State-of-the-art cosmological
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simulations of cosmic reionization produce reasonably realistic
models in volumes in excess of 100 cMpc, providing the
foundation for creating high-resolution synthetic quasar spectra
(N. Y. Gnedin 2014; P. Ocvirk et al. 2016, 2020; R. Kannan
et al. 2022; E. Garaldi et al. 2024). The “Cosmic Reionization
on Computers” (CROC) project (N. Y. Gnedin &
A. A. Kaurov 2014; N. Y. Gnedin 2014) is one of them. In
this work, we rely on CROC simulations to provide a
reasonably realistic model for the high-redshift IGM. Further-
more, this study incorporates the use of Explainable Boosting
Machines (EBMs), an enhanced iteration of generalized
additive models (GAMs) as implemented by Y. Lou et al.
(2013). GAMs are built on the principle that the model’s output
is the aggregate of individual contributions from each feature,
offering interpretability by revealing feature significance in
predicting outcomes. EBMs enhance this interpretability by
integrating modern machine learning techniques to boost
performance without compromising the ability to understand
the models’ decisions. The synergy of advanced reionization
simulations with cutting-edge machine learning tools equips us
to identify the properties of the environments from which
transmission spikes in z> 5 quasar spectra originate.

This paper is organized as follows. Section 2 describes the
CROC simulations, synthetic Lyα spectra generation, and
EBM methodology. In Section 3, we examine model
performances with different sets of IGM properties as inputs,
as well as the average contribution of each parameter to the
target quantity (Lyα transmission flux). We summarize and
discuss these results in Section 4.

2. Methodology

2.1. CROC Simulations

In this study, we employ simulations from the CROC
project, a suite of cosmological hydrodynamic simulations of
cosmic reionization. For detailed information on the simula-
tions, we direct readers to the CROC methods paper
(N. Y. Gnedin 2014). We utilize three independent realizations
of the 40 h−1 Mpc comoving (cMpc) simulation boxes, each
offering a spatial resolution of 100 pc in proper units. This
setup enables the accurate modeling of the IGM properties and
yields ample independent LOS data for our analyses. By
adopting different “DC-mode” values (N. Y. Gnedin et al.
2011) for different independent realizations, the CROC
simulations model varied reionization histories in separate
simulation boxes, which allows us to investigate the impact of
reionization history on our findings.

In this paper, we use three different CROC simulations that
we label “early,” “intermediate,” and “late reionization.” These
three simulations sample the full range of reionization histories
from six independent random realizations of initial conditions.
Hence, the “late” and “early” models roughly correspond to a
±1σ spread in possible reionization histories, while the
“intermediate reionization” history is close to the cosmic mean.
In Figure 1, we show the distribution of mean opacities obtained
from 50 h−1 cMpc LOSs from all three simulations and compare
them to observational data. Collectively, these simulations
provide a marginal fit to the observational data—unfortunately,
no other reionization simulation currently offers a better fit. The
CROC simulations also match the observed distribution of long
gaps in quasar spectra (N. Y. Gnedin 2022), but only under the
“late reionization” model. In other words, while neither CROC

nor any other existing reionization simulation can match all the
observational data, some of the CROC boxes do meet certain
observational constraints. Hence, we have some confidence that
CROC captures the key physical processes, justifying our use of
these simulations despite known limitations in how precisely we
capture all details of reionization.

2.2. Synthetic Lyα Absorption Spectra

In comoving space, Lyα optical depth is obtained by
integrating along the LOS:
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where σ0 is the cross section, nH I is the H I number density, c is
the speed of light, bx is the Doppler parameter at position x
along the LOS, uλ is the velocity corresponding to the observed
wavelength λ, ux is the gas velocity at x, and zx is the redshift at
x. Then, the flux is

( ) ( ( )) ( )F exp . 2l t l= -

We note that uλ and ux include both the Hubble flow and gas
peculiar velocity.
We adopt two critical simplifications in this first study.

Peculiar velocities induce a surjective but noninjective
mapping from comoving space to velocity space, thereby
obscuring the direct association between gas properties
(sampled in comoving space) and observed flux (in velocity
space). To avoid this additional complication and focus on the
fundamental physical connection between gas properties and
transmission spikes, our first simplification is to use synthetic
Lyα absorption spectra in “real space,” i.e., assuming a zero
peculiar velocity (vpec= 0). This approach is equivalent to
using the “fluctuating Gunn–Peterson approximation” (L. Hui
et al. 1997; R. A. C. Croft et al. 1998; D. H. Weinberg et al.
2003), which has been instrumental in understanding the Lyα
forest at lower redshifts. While it is crucial to account for
peculiar velocities for interpreting real observational data, our
current focus is on the theoretical investigation of the physical
causes behind transmission spikes. Therefore, we defer the
inclusion of peculiar velocities to follow-up works.

Figure 1. Distribution of mean opacities in 50 h−1 cMpc LOSs for the
combination of the three CROC simulations (thick dashed lines). Thin solid
lines and bands show the observational data from G. D. Becker et al. (2015)
and S. E. I. Bosman et al. (2018). The three CROC simulations together
marginally match the distribution of opacities (at least at z > 5.5).
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Our second simplification is using a Doppler profile instead
of the correct Voigt profile for convolving spectra. This choice
effectively excludes nonlocal effects from high-column density
damped Lyα systems (DLAs). The Lorentzian wings of a DLA
can impact absorption far from its actual location in velocity
space, thereby obscuring the relationship between the trans-
mitted flux and the physical properties of the IGM. Similarly,
applying the correct profile is essential for correctly interpreting
observational data, a step we plan for future work.

As our data sample, we generate 100,000 LOSs at each
redshift, randomly oriented to sample the full volume of the
simulation boxes. We note that the results shown in this paper
converge when using only a tenth of these data. Along these
LOS, we record the Lyα flux and the physical properties of the
gas, as well as the intensity of the radiation field. We provide
the details in Section 3.1.

2.3. EBMs

EBMs provide a fitted relationship between the target
quantity y and the features nq Î  . They are specifically
designed to be interpretable, i.e., the dependence of the target
quantity on the features is given in explicit functional forms.
Mathematically, we have
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where y(θ) is the predicted value of the target quantity y given
np features θ, y0 is the baseline (see the mean) value of the
target quantity y, and fy

i and fy
ij are piecewise one- and two-

dimensional functions, respectively. The magnitudes of fy
i and

fy
ij indicate the relative importance of each feature in predicting

the target quantity. We refer to fy
i as feature functions and fy

ij as
interaction functions. An example of employing EBMs in
astrophysics is presented in R. Hausen et al. (2023), where
EBM models reveal the relative importance of different dark
matter halo properties in setting galaxy stellar mass and star
formation rate. We evaluate the EBM performance by
computing the r2 variance metric:
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where N is the number of objects, yi is the true value of the
target quantity for object i, and ŷi is the predicted value from
the model for object i. r2 measures the extent to which the
variance in the actual outcomes is captured by the model. A
higher r2 value indicates that the model’s predictions more
closely match the actual data.

In terms of the training procedure, we use the InterpretML
(H. Nori et al. 2019) implementation of EBMs, and adopt most
of the default hyperparameter values for InterpretML version
0.4.4., except for “max bins,” which we set to 4096, after
performing a grid search for optimal model performance using
the allocated subset of data for training.

We adopt a standard 80/20 train-test split, allocating 80% of
our data set for training the models and the remaining 20% for
assessing their performance.

3. Results

3.1. Predictive Power of Models

Our first objective is to train the EBM models to accurately
predict the Lyα flux. Given that EBMs reveal the relative
contribution of each input on the prediction outcome, we can
quantify the importance of individual physical properties in
generating the spectra. We first investigate a range of physical
properties as inputs for training our EBM models based on the
physical relationships between the inputs. In Section 3.4, we
use EBM to explicitly quantify the relative importance of each
feature.
At first glance, Equations (1) and (2) suggest a direct

dependence of flux on H I number density (nH I) and temperature
(T), as the Doppler parameter is a function of T. Consequently,
we anticipate that using nH I and T as inputs for the EBMs will
yield a highly accurate prediction of the flux. We convolve nH I

along the LOS using the Gaussian profile e x bx
2 2- , where bx(T) is

the temperature-dependent Doppler width. This convolution
accounts for local temperature variations, employing a Gaussian
profile specific to the temperature at each point along the LOS.
In Figure 2, we show the 1− r2 values on a logarithmic scale as
a function of redshift. Uncertainties associated with these values,
obtained after training with three different sets of LOSs, are
comparable to the width of the line on the plot for z� 6.4, and
slightly larger than the width of the plotted line beyond this
redshift. The three panels represent different boxes with different
reionization histories. We first only focus on red lines, which
show the model predictions with {nH I, T} as inputs. Consistent
with our expectations, in all three boxes, the model predictions
with {nH I, T} inputs are the best performing. A 1− r2 value of
10−3 means that 0.1% of the total variance in the target quantity
is not captured by the model. We find larger discrepancies
between our predictions and the test data primarily at the peak
regions of transmission spikes. These discrepancies stem from
the limitations of the EBM algorithm, which models the target
quantity using piecewise constant functions and thus loses
accuracy in regions with sparse data points.

3.2. Role of Ionizing Radiation

The H I number density is affected by the baryon number
density (nb) and the prevailing ionizing radiation in the
Universe. Similar to what we did to nH I, we also convolve
nb along the LOS, applying a temperature-dependent Gaussian
profile that varies based on the temperature at each point. As a
baseline, we first use the baryon number density (nb) and
temperature (T) as inputs. The light blue lines in Figure 1
represent models trained using Gaussian convolved {nb, T}
inputs. The quality of the predictions is much lower compared
to the {nH I, T} input case. This difference in r2 values
illustrates the important role of ionizing radiation in producing
the Lyα flux. This leads to the question: How can we quantify
ionizing radiation at each point along the LOS? In the CROC
simulations, the radiative transfer is implemented using the
OTVET method (N. Y. Gnedin 2014). To summarize, in the
simulations, the radiation energy density Eν is computed as

¯ ( ¯ ) ( )E E , 5= + -n n n n n n   

where Ēn , a constant, is the spatial average (i.e., the cosmic
background). The term n accounts for the local ionizing
sources inside the simulation box, and can be written as the
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sum of fluxes from all sources inside the box,
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where xi and Li,ν are the comoving location and the luminosity
of source i inside the simulation box, and ( )x x, itn is the optical
depth between the spatial locations x and xi.

( )xn is the angle average of ( )x nf ,n that satisfies the
following equation:
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where ( )xkn is the absorption coefficient and
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Physically, 1-n can be interpreted as the fluctuation in the
“far radiation” (i.e., radiation outside the simulation volume)
and 1á ñ =n .

To account for ionizing radiation in our model, we have
included n and n in the input parameters. This is depicted in
Figure 2, where the { }n T, , ,bn n  input case is represented by
dark green lines. To separate the contribution from n and n ,
we also use { }n T, ,bn and { }n T, ,bn as inputs to train the
models, illustrated in light green and dark blue lines,
respectively. Our analysis indicates that n is the predominant
component of ionizing radiation; n moderately improves
model performance at early times. This finding is significant, as
previous studies primarily linked transmission spikes to local
ionizing sources such as galaxies. In contrast, our study, which
integrates numerical simulations with an interpretable machine
learning algorithm, suggests that density is a key factor in
generating these spikes, and that background radiation plays a

more crucial role than local ionizing sources. We also note that
as redshift increases, the performance of the EBM models
decreases. This trend is linked to the increasing IGM opacity at
higher redshifts, which makes transmission spikes less frequent
and requires a larger number of sightlines for effective model
training. However, we are already using more sightlines than
could be observed even with future 30 m class telescopes. We
therefore limit this analysis to our existing number of sightlines
to focus on physical interpretation instead of generating more
for the sake of improved model performance.
Additionally, we note variations in the performance of the

{nb, ...} models trained and evaluated on data from boxes with
different reionization histories. The models based on the
intermediate and early reionization boxes yield comparable
results across the entire redshift range considered. However, the
late reionization box shows relatively worse model perfor-
mance, particularly at higher redshifts. This trend is consistent
with our expectations: in the late reionization scenario,
particularly at z> 6, the Universe is still going through rapid
reionization, presenting a more complex environment for
EBMs to model accurately. Regardless of the reionization
scenario, the effects of the cosmic background radiation on
Lyα transmission peaks are dominant to those from local
ionizing sources.

3.3. Nonequilibrium Effects

In theory, the three physical quantities n , n , and nb should
collectively determine nH I. Therefore, we would expect a
model trained with { }n T, , ,bn n  to have the same level of
performance as one trained with {nH I, T} inputs. However, as
shown in Figure 2, the { }n T, , ,bn n  model consistently
exhibits lower r2 values across all redshifts. Moreover, the ratio
of r2 values between the { }n T, , ,bn n  model and {nH I, T}

Figure 2. EBM model performance, measured using the 1 − r2 “missing-variance” metric, as a function of redshift for models trained with different input
combinations. Each panel corresponds to a different reionization history. As a baseline, with H I number density (nH I) and temperature (T) as inputs, the model
predictions are highly accurate. Then nH I is replaced by combinations of baryon number density (nb) with ionization parameters, n (representing the cosmic
background) and n (representing the local ionizing sources). The results indicate that n is the predominant component of ionizing radiation.
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model decreases with increasing redshift, indicating a decline
in the { }n T, , ,bn n  model performance at higher redshifts.

We posit that the decrease in model prediction power is due
to nonequilibrium effects that the EBM model cannot capture.
Under the assumption of ionization equilibrium, we can relate
nH I to nb using the following equation:

( ) ( )n
R T n n

, 8e
H I
eq H II=

G

where R(T) is the recombination coefficient, ne (∝nb) is the
electron number density, nH II is the H II number density, and Γ

is the photoionization rate. However, the straightforward
mathematical relation does not hold when residual none-
quilibrium effects from cosmic reionization influence the
neutral hydrogen number density. When the relationship
between nH I and ne does not simply follow Equation (8), the
accuracy of the EBM in mapping nb, n , and n to nH I

decreases. This argument is consistent with our finding that
{ }n T, , ,bn n  model performance decreases when the corre-
lation coefficient between nH I and nH I

eq is smaller.
We demonstrate the nonequilibrium effects in Figure 3,

which shows the simulated nH I versus nH I
eq computed using

Equation (8). There is a notable deviation in many data points
from the equilibrium line. Figure 4 presents an example of
nonequilibrium effects along a random LOS. We observe a
distinct deviation from equilibrium, highlighted by the ratio of
nH I and nH I

eq displayed in the bottom panel of Figure 4, which
coincides with a drop in nb. This pattern suggests the possible
presence of a shock at this location. We expect nonequilibrium
effects to be important in shock regions; as the temperature
jumps across the shock, it takes time for the neutral fraction to
decrease to a new equilibrium value, corresponding to the
lower recombination rate at a higher temperature.

A similar comparison at other redshifts does not show any
clear redshift trend. At higher redshifts, the reionization is
incomplete, so one might expect nonequilibrium effects to
become relatively more important with increasing redshift. On
the other hand, shocks are stronger at lower redshifts as larger
wavelengths become nonlinear, so there is also an argument for
the importance of the nonequilibrium effects to increase with

decreasing redshift. In fact, the behavior of the red curve in
Figure 2 appears to show that both trends take place.

3.4. Contribution of Each Physical Quantity

As discussed in Section 2.3, the univariate and bivariate
functions fy

i and fy
ij from Equation (3) quantify the contribution

of each feature. We can then define a summary statistic, the
average contribution of each feature (denoted as f̄ y

i) such that
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where f represents the feature or interaction function ( fy
i or fy

ij),
θi,j the value of feature θi in the jth bin, Nj the number of
samples in bin j, and Nbin the total number of bins.
In Figure 5, we revisit the { }n T, , ,bn n  input case and

show the normalized average contributions (scaled to sum to 1)
across three simulation boxes with different reionization
histories. Consistently across all redshifts, nb emerges as a
dominant factor in predicting the Lyα flux. In boxes of
intermediate and early reionization, the contribution of nb
decreases with increasing redshift, while the influence of n
(the local sources) increases. This pattern is consistent with the
expectation that ionizing radiation from local sources has a
greater impact at higher redshifts when the Universe is still
undergoing substantial reionization. In the late reionization
scenario, a similar but nonmonotonic trend is evident, reflecting
phenomena (e.g., overlapping ionizing bubbles) characteristic
of a universe still undergoing rapid reionization.
The specific forms of functions fy

i and fy
ij are shown in the

Appendix.

Figure 3. nH I, sampled along LOSs vs. nH I
eq , calculated with Equation (8)

assuming ionization equilibrium at z = 5.25. Colors show the number counts in
each hexbin. We observe significant deviations of many data points from the
equilibrium line.

Figure 4. An example of nonequilibrium effects along a random LOS. Top:
nH I, nH I

eq calculated assuming ionization equilibrium and rescaled nb as a
function of LOS position. Bottom: ratio of nH I and nH I

eq as a function of LOS
position. A noticeable deviation from equilibrium coincides with a drop in nb,
suggesting the presence of a shock at this location.
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3.5. Interpreting Observations

Several observational studies have measured the average
Lyα transmission flux as a function of the distance from nearby
galaxies (e.g., K. Kakiichi et al. 2018; R. A. Meyer et al.
2019, 2020; H. M. Christenson et al. 2023; D. Kashino et al.
2023). Overall, observations paint a complex and sometimes
contradictory picture. The most clearly established trend across
all redshifts z> 5 is the decrease in the transmitted flux within
about 1 pMpc from galaxy locations. The same trend is found
in CROC (E. Garaldi et al. 2019) and another similar large-
scale simulation project, “THESAN” (E. Garaldi et al. 2022).

Taken at face value, the observed decrease in the transmitted
flux is inconsistent with our finding that the radiation from
nearby galaxies has a negligible impact on the transmitted flux
at the late stages of cosmic reionization. In order to understand
this apparent discrepancy, we also generate Lyα transmission
spectra assuming a spatially uniform photoionization rate (Γ),
using the global mean of each box at every redshift. These
spectra allow us to control for local ionizing sources. Since
galaxies influence IGM properties through photoionization, the
constant-Γ spectra effectively remove the impact of galaxies on
the IGM. If flux suppression still occurs at small distances in
our control sample, it would indicate that galaxies are not the
primary cause.

Figure 6 shows our measurement of the average Lyα
transmission flux as a function of distance to galaxies,
comparing simulated Lyα transmission spectra (in black) with
spectra generated assuming a constant Γ (in red). The left panel

considers galaxies only if their virial radii (Rvir) exceed the
radial distance from the dark matter halo center to the LOS,
whereas in the right panel, we relax this criterion to 2× Rvir.
The black and red lines in Figure 6 show the same level of
anticorrelation at distances less than 2 pMpc. Hence, in the
simulations, the observed flux suppression is entirely due to the
large-scale correlation between halos and density, and galaxies
simply serve as biased tracers of the large-scale structure.
For illustration, we also show the observed points from

R. A. Meyer et al. (2019). The observations appear to be offset
from zero for all distances above 2 pMpc, which may indicate a
potential bias in the observationally determined value for f̄ . Such
a bias in observations is possible since R. A. Meyer et al. (2019)
compute f̄ as the mean flux within 7.5 pMpc around each galaxy,
and at such small distances, the halo-density correlation remains
nonnegligible. In fact, the average halo-mass bias over the
distance of 7.5 pMpc at z= 5.4 is 0.14, 0.074, and 0.045 for
halos of mass 1012, 1011, and 1010 M☉, respectively. To account
for the potential bias, we also rescale f̄ by 13% to show how the
observational data would appear if the mean flux in the
observations were computed differently. The correspondence
between rescaled observational data and the CROC data lends
support to our proposition that the observed flux suppression is
entirely due to the halo-density correlation.

4. Summary and Discussion

There are two main conclusions from this work. First,
somewhat unexpectedly, we find that radiation from nearby

Figure 5. Normalized average contributions (scaled to sum to one) of IGM properties to Lyα flux prediction. Each panel corresponds to a different reionization
history. In intermediate and early reionization scenarios, the contribution of nb decreases with increasing redshift, while the impact of n grows, aligning with the
expected greater influence of local ionization at higher redshifts. A similar, yet nonmonotonic trend is observed in the late reionization scenario, indicative of a
universe still undergoing rapid reionization.
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galaxies plays a negligible role in controlling the transmitted
flux in quasar absorption spectra. The observed strong
correlation between the transmitted flux and galaxy locations
is explained entirely by the correlation of the transmitted flux
with cosmic large-scale density distribution, of which galaxies
are just a biased tracer.

Second, we find that in addition to the obvious factor
determining the transmitted flux—the local gas density, the flux
is also affected by a component of the radiation field that
describes “cosmic background,” n from Equations (6) and (7).
The complete physical interpretation of that result is elusive
and will require substantial additional effort, and we delegate it
to future work. What can be said immediately is that n does
not depend on the local distribution of sources (Equation (6))
but does depend on the large-scale cosmic density (via the
absorption coefficient kν), and hence encodes information about
local variations in the photon free path (of which the commonly
known photon mean free path is the mean). Figure 7 shows the
baryon density, the neutral hydrogen density, and n along a
random LOS. While some anticorrelation of n with density
smoothed on ∼1Mpc scale is apparent from the figure, the two
are not equivalent.

In fact, we find no smoothing scale RS such that the baryon
density smoothed on scale RS along the LOS (i.e., in 1D)
approximates n . It might be possible to find a smoothing scale

for the 3D baryon density that offers a better match to n . We
leave such an investigation to future work since a more
complex and laborious exploration may be required to come up
with a better physical interpretation of n . At this point, it is
sufficient for our purpose that we can present an equation for
n and a plausible physical interpretation as a variation in the

photon free path.
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Appendix
Univariate and Bivariate Functions

For illustrative purposes, we use the functions at z= 5.25
from the intermediate reionization case. The forms of the
feature and interaction functions naturally vary when trained on
different data sets. In Figure 8, we observe an apparent
anticorrelation between flux and nb, and positive correlations
between flux and n , T, and n , respectively. These correlations
paint a clear physical picture: Lyα transmission spikes are
predominately found in regions of lower density, higher
ionization, and higher temperatures. The magnitude of the flux

Figure 6. Normalized average transmitted flux as a function of distance from galaxies. We show measurements using both the simulated spectra and spectra generated,
assuming a spatially uniform photoionization rate (Γ). Points with error bars reference measurements from R. A. Meyer et al. (2019); brighter blue points show the
original measurement and lighter blue points show the measurement with the rescaled mean flux (see the text for details). The observed flux suppression at small
distances in both data sets suggests that galaxies are not the primary cause since galaxies influence IGM properties through Γ.

Figure 7. Baryon and H I number densities (top) and n (bottom) along a
random LOS. n shows an anticorrelation with density, albeit not a strong one.
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in each panel indicates the relative importance of gas density,
ionization, and temperature, in line with our previously
presented results in Figure 5.

Additionally, we show the two-dimensional interaction
functions in Figure 9. We note that as shown in Figure 5, the
interaction terms are not the dominant features. Physically, in

Figure 8. Univariate functions at z = 5.25 from the intermediate reionization case. There is an apparent anticorrelation between flux and nb, and positive correlations
between flux and n , T, and n , respectively. These trends suggest that Lyα transmission spikes are predominately found in regions of lower density, higher ionization,
and higher temperatures.

Figure 9. Bivariate functions at z = 5.25 from the intermediate reionization case.
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our case, the interaction terms can be thought of as second-
order expansions of the first-order terms. Taking the n versus
nb interaction in Figure 9 as an example, n (which essentially
represents Γ, given the minimal contribution from n ) and nb
are expected to dictate nH I. Referring back to Equation (8), we
derive

( )
( )
( )

n
n n n

1 2 2

higher order terms.

n n

n

n

n

H I

2 2

2

d
d

~
G

=
á ñ +
áGñ + G

» + - -

+ -

d d d dá ñ
áGñ á ñ

G
áGñ

G
á ñáGñ

What EBM picks out as the interaction term should be

( )n
2 n

n

2

-
á ñ
áGñ

d dG
á ñáGñ

. Indeed, if we divide the n versus nb plot into

four quadrants (with division lines at á ñn and 〈nb〉), quadrants I
and III have negative signs and quadrants II and IV have
positive signs, which is consistent with the expression above.
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