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Abstract

In the search for planets orbiting distant stars, the presence of stellar activity in the atmospheres of observed stars
can obscure the radial velocity signal used to detect such planets. Furthermore, this stellar activity contamination is
set by the star itself and cannot simply be avoided with better instrumentation. Various stellar activity indicators
have been developed that may correlate with this contamination. We introduce a new stellar activity indicator
called the Stellar Activity F-statistic for Exoplanet surveys (SAFE) that has higher statistical power (i.e.,
probability of detecting a true stellar activity signal) than many traditional stellar activity indicators in a simulation
study of an active region on a Sun-like star with a moderate-to-high signal-to-noise ratio. Also through simulation,
the SAFE is demonstrated to be associated with the projected area on the visible side of the star covered by active
regions. We also demonstrate that the SAFE detects statistically significant stellar activity in most of the spectra for
HD 22049, a star known to have high stellar variability. Additionally, the SAFE is calculated for recent
observations of the three low-variability stars HD 34411, HD 10700, and HD 3651, the latter of which is known to
have a planetary companion. As expected, the SAFE for these three only occasionally detects activity.
Furthermore, initial exploration appears to indicate that the SAFE may be useful for disentangling stellar activity
signals from planet-induced Doppler shifts.

Unified Astronomy Thesaurus concepts: Exoplanet detection methods (489); Radial velocity (1332); Stellar
activity (1580); Linear regression (1945); Astrostatistics (1882); Doppler shift (401); Principal component analysis
(1944); Parametric hypothesis tests (1904); F test (1931); Exoplanet astronomy (486); Exoplanets (498);
Starspots (1572)

1. Introduction

In the exoplanet discovery community focused on extreme
precision radial velocity (RV) measurements, better under-
standing the activity that takes place in the atmospheres of stars
is an important goal (Cretignier et al. 2020; Dumusque et al.
2017; Davis et al. 2017; Dumusque 2018; Fischer et al. 2016;
Jones et al. 2017). One reason why this is the case is that stellar
activity can produce RVs that mimic or hide the signal induced
by an orbiting exoplanet (Saar & Donahue 1997; Queloz et al.
2001; Desort et al. 2007; Meunier et al. 2010). This is one of
the main hindrances to discovering more Earth-like exoplanets
around Sun-like stars (Hatzes 2002; Lagrange et al. 2010;
Isaacson & Fischer 2010). Therefore, to discover more
planetary systems similar to the Earth–Sun system, we likely
need a better way to detect the presence of, and ideally remove
the effects of, stellar activity in stellar spectra.

Many statistics developed by astronomers aim to diagnose
stellar activity and are commonly referred to as “stellar activity
indicators.” Some of these are built from the cross-correlation
function (CCF) commonly used to derive the RV of the star (e.g.,
Baranne et al. 1996; Pepe et al. 2002). Several stellar activity
indicators, such as the bisector inverse slope (BIS; Queloz et al.
2001), bisector slope (BiSlope; Dall et al. 2006), velocity span
(V-span; Boisse et al. 2011), and bi-Gaussian (BiGauss; Figueira
et al. 2013), aim to detect a change in the asymmetry of the CCF,

which would represent an asymmetric change in the shape of the
spectral absorption features, on average. Others, such as the
FWHM of the CCF (Queloz et al. 2001), instead aim to detect a
symmetric change that results in the broadening or narrowing of
the CCF. Other developed statistics, not calculated from the CCF,
instead look for a change in specific absorption features that are
physically known to be sensitive to the stellar magnetic field (e.g.,
Queloz et al. 2009; Pont et al. 2011), such as emission in the core
of the Hα line (Giguere et al. 2016). More recent studies develop
indicators that are primarily data-driven (Davis et al. 2017; Jones
et al. 2017).
In this paper, we introduce a new stellar activity indicator

developed by modeling the stellar spectrum with linear
regression and calculating an F-statistic. This proposed statistic
utilizes the idea in Holzer et al. (2020) that formulated the task
of detecting an RV in the spectrum of a star as (weighted)
simple linear regression (i.e., linear regression with a single
explanatory variable). It accounts for different activity-induced
shape changes in different absorption features, allows for
straightforward statistical inference, and is kept general so as
not to assume a single predefined shape change from stellar
activity. We also allow this statistic to adapt to the spectral line
depths across the spectrum that depend on the chemical
abundance, effective temperature, and surface gravitational
acceleration of the star observed.
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We refer to this new stellar activity indicator as the Stellar
Activity F-statistic for Exoplanet surveys (SAFE). It is an
F-statistic used in a specially designed least-squares regression
model. It is also designed to be robust to changes that are only
due to orbiting exoplanets. In particular, a small Doppler shift
of the stellar spectrum would not affect the SAFE.

In Section 2, we introduce the general method of calculating
the SAFE, beginning from the perspective of a single
absorption feature and then extending to multiple features.
The SAFE is then analyzed through simulations of stellar
activity in Section 3. Additionally, the SAFE is applied to
recently collected data from EXPRES (Jurgenson et al. 2016;
Petersburg et al. 2020) in Section 4. Finally, a discussion of the
implications of the SAFE is provided in Section 5, and we
conclude in Section 6.

2. Method

We begin by introducing the linear model used to calculate
the SAFE statistic. By design, statistical inference is straight-
forward with the SAFE, allowing accurate calculation of a p-
value for testing the null hypothesis that there are no effects of
stellar activity in the spectrum at the time of observation.

The general idea behind the SAFE is to detect any change over
time in the shape of absorption features that is not simply due to a
Doppler shift. Such a change is often shared across many
absorption features in the spectrum. Examples of such changes
would be a change in the asymmetry of the features, an altered
line depth, or a broadening or narrowing of the features. Overall,
the goal of the SAFE is to test the hypothesis that the only
spectrum-wide change in absorption features is a Doppler shift.
We note, however, that shape changes of absorption features can
also be due to inaccurately correcting for instrumental effects,
such as the blaze function. Therefore, we assume throughout this
paper that corrections for such effects have been done accurately
and that the only remaining source of spectrum-wide shape
changes is stellar activity.

An essential ingredient for the SAFE is a template spectrum
that accurately represents a continuum-normalized spectrum for
the average state of the star. The need for such a template
comes from how the SAFE at time t is calculated from the
difference flux at time t, defined as

( ) ( ) ( ) ( )t= -x f x xDiff , 1t t

where x is the wavelength of stellar light, ft is the observed
normalized flux at time t, and τ is the template flux. If the effective
temperature, surface gravitational acceleration, chemical abun-
dances, and other stellar parameters are approximately known,
one can use them to generate a synthetic spectrum as a template
(Sneden et al. 2012). However, since these stellar parameters are
rarely known to the precision that is likely required for the SAFE,
we propose the combined nonparametric smoothing approach of
Holzer et al. (2020). A second ingredient, which is primarily used
in the template estimation, is an RV estimate for each observed
spectrum. This estimate could come from the Hermite–Gaussian
approach in Holzer et al. (2020), a CCF-based approach (Mayor
& Queloz 1995; Pepe et al. 2002; Petersburg et al. 2020), or any
other method that estimates the RV well.10 Finally, a third
ingredient is a wavelength mask giving approximate wavelength

intervals corresponding to absorption features. Since we do not
make any assumptions about the shape of absorption features, a
mask covering as many features as possible is preferred. We use
the absorption feature finder (AFF) algorithm described in Holzer
et al. (2020) for this.
This method also requires one to pick a set of basis

functions, each representing a particular shape change of the
absorption features in the spectrum. We propose the general-
ized Hermite–Gaussian functions, defined as
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where μ is the location parameter, σ is the spread parameter,
and Hn is the nth degree (physicist’s) Hermite polynomial,
which can be expressed as

( ) ! ( )
!( )!

( ) ( )
⌊ ⌋

å=
-
-=

-H z n
m n m

z
1

2
2 3n

m

n m
n m

0

2
2

(Lanczos 1938).
In Equation (3), ⌊a⌋ represents the floor function that returns

the largest integer less than or equal to any given real number a.
By a simple change of variables, one can show that the set of
generalized Hermite–Gaussian functions forms a complete
orthonormal basis of the set of all square-integrable real-valued
functions, ( )L2 (Johnston 2014). Therefore, for a general
absorption feature, as long as the difference flux due to either a
Doppler shift or stellar activity is such an ( )L2 function, it can
be decomposed into the generalized Hermite–Gaussian func-
tion basis. We do acknowledge, however, that there are many
other choices that satisfy these properties. We prefer the
Hermite–Gaussian basis because it is composed of differenti-
able functions that are either even or odd (with respect to μ)
and localized like spectral lines. Another motivation for this
basis is that many absorption features are close to being
Gaussian-shaped, and the Hermite–Gaussian basis contains
both the Gaussian and its derivative.

2.1. A Single Absorption Feature

A large portion of the spectrum is used to calculate the
SAFE; however, for simplicity, we begin by considering the
scenario of a single absorption feature indexed by i.
Holzer et al. (2020) showed mathematically that if an

absorption feature is Gaussian-shaped, the difference flux due
to a Doppler shift can be well modeled by only using ψ1.
However, since absorption features are often strongly blended,
and the wings of large features are more Lorentzian than
Gaussian, we wish to relax the assumption of Gaussianity. To
do so, we instead assume that the difference flux can be written
as a linear combination of all Hermite–Gaussian functions up to
degree five.11 This assumption helps to relax the assumption
made in Holzer et al. (2020) that absorption features are
Gaussian (i.e., that the difference flux can be written as a
constant multiple of just ψ1). Written in equation form, we
model the difference flux due to a Doppler shift of absorption

10 We found through a simulation study that the SAFE statistic is robust to RV
estimate errors within 5 m s−1 of the true velocity.

11 The degree 5 limit was selected to make the SAFE flexible enough to detect
a variety of possible shape changes of absorption features but not so flexible
that it affects the statistical power of the test due to too many additional
variables in the model. We found that up to degree 5 provides a good balance
of these motivations.
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feature i, Doppdiffi, as

( ) ( ˆ ˆ ) ( )å a y m s=
=

x xDoppdiff ; , , 4i
d

i d d i i
0

5

,

where m̂i and ŝi are the location and spread estimated from
fitting a Gaussian to feature i.

In practice, to get estimates m̂i and ŝi, we follow the approach in
Holzer et al. (2020) with a template spectrum for the star. The AFF
algorithm is used to identify wavelength windows corresponding
to absorption features in the template. Using nonlinear optim-
ization, a sum of three Gaussian density functions is used to fit
each absorption feature and its neighboring features. As a further
step to correct for inaccurate continuum normalization, the
continuum value from which the fitted Gaussian is subtracted,
conti, is also a free parameter (within the bounds of 0.9 and 1.1).
Features where the optimization does not converge are eliminated.
Occasionally, the optimization converges to a poor fit. Therefore,
any feature is eliminated if ŝi is more than 1.5 multiples of the
interquartile range above the 75th percentile of all of the fitted ŝi, ŝi

is less than 0.001Å, ŝi is greater than one-sixth of the feature
wavelength window width, or the amplitude of the fitted Gaussian
is positive. Finally, any feature is also eliminated if <cont 0.98i

or  >cont 1.02i . On average, we find that approximately 45%
of the features identified by the AFF algorithm remain after
these cuts.

If we knew how to write Doppdiff(x) in closed form, we
could solve for the coefficients αi,d exactly. However, since this
is not the case, we use least squares to project the discretized
realization of Doppdiffi(x) onto the space spanned by
{ ( ˆ ˆ )}y m s =x; ,d i i d 0

5 . This gives âi,0, âi,1, âi,2, ..., âi,5 as estimates
of the projection coefficients andDoppdiffi as the projected
difference flux due to a Doppler shift.

In practice, we train Doppdiffi by taking the template
spectrum for absorption feature i, simulate a 10 m s−1 Doppler
shift, interpolate back to the original wavelengths, and use least
squares to project the resulting difference flux onto the
generalized Hermite–Gaussian functions of degree 5 or lower.
The ( ) xDoppdiffi is similar to an estimate of the ith absorption
feature’s derivative. Therefore, for any small RV, the difference
flux due to a Doppler shift is approximately a constant multiple
of ( ) xDoppdiffi .

If stellar activity is present, then a Doppler shift is not the only
source of the difference flux. Therefore, we would expect to have
signal remaining in the residual difference spectrum, the difference
flux remaining after removing a constant multiple ofDoppdiffi. To
test for this, we model Difft, defined in Equation (1) as

( ) ( )
( ˆ ˆ ) ( )

b
b y m s e

=
+ å +=

¹

x x

x

Diff Doppdiff
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d
d
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0
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5 , ,

where the random error εt has a mean of zero. This reduces the
problem to a linear model of the difference flux as a linear
combination of a small Doppler shift and the Hermite–
Gaussian functions. One may notice that ( ˆ ˆ )y m sx; ,i i1 is not
included in the model of Equation (5). Were ( ˆ ˆ )y m sx; ,i i1

to be included, the coefficients would be unidentifiable, as
( ) xDoppdiffi could then be written as a linear combination of

the other terms. Furthermore, since most absorption features are
approximately Gaussian, and therefore ( ) xDoppdiffi is almost

the same as a first-degree Hermite–Gaussian function, includ-
ing ( ˆ ˆ )y m sx; ,i i1 would potentially lead to collinearity issues.
We furthermore assume that εt is multivariate normal with a

diagonal covariance matrix whose entries are well approxi-
mated by the squared uncertainties of the normalized flux. If
these uncertainties are not provided, we use the normalized
template flux divided by the continuum used for normalization
as the diagonal entries. This assumes that the raw flux, Fi,t,
follows a Poisson (λi,t) distribution. Under this assumption, for
large values of λi,t, Fi,t approximately follows the Normal
(λi,t, λi,t) distribution. Therefore, the normalized flux Fi,t/ci,t
approximately follows the Normal ( )l lc c,i t i t i t i t, , , ,

2 distribu-
tion. Since λi,t/ci,t is well approximated by the template flux τi
at each time t, the difference flux at pixel i approximately
follows the Normal (0, τi/ci,t) distribution. We acknowledge
that a diagonal covariance matrix does not account for
correlations due to the point-spread function of the instrument,
a potential improvement to be made in future work.
Now that we have the linear model in Equation (5), we can

use it to perform a statistical inference about the null hypothesis
that no stellar variability effects are present at time t. Testing
for the absence of stellar variability reduces to testing whether
β0,i,t= β2,i,t= β3,i,t= β4,i,t= β5,i,t= 0 in Equation (5). This can
be done at each time t by comparing the residual sum of
squares (RSS) when all five of these coefficients are used in the
fit to the RSS when they are set to zero. These two quantities
can be combined to give an F-statistic that we can use to
perform an F-test of the hypothesis that the only nonzero
coefficient is β1,i,t.

2.2. Multiple Absorption Features

Since the signals of stellar activity and low-mass exoplanets
are so small, we need to extend the model to include nearly all
absorption features in the spectrum. Using Doppdiff(x), the
difference flux due to a Doppler shift for multiple absorption
features in the spectrum, our Doppler model from Equation (4)
becomes
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{ˆ ˆ } ( )
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= =
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, 6
i
m
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where l̂i and ûi are the wavelength bounds for feature i (with no
overlap between features), and 1{A} represents the indicator
function that takes the value 1 if the statement A is true and
zero otherwise. In Equation (6), the outer sum is over all m
absorption features, and the inner sum is over the Hermite–
Gaussian degrees up to 5. To simplify the process of estimating
the values for each coefficient αi,d, the indicator function is
included so that we can perform a least-squares fit on each
absorption feature separately, as described in Section 2.1. It
also serves to exclude the continuum, which has little relevant
Doppler information. This, however, requires the assumption
that the Doppler shift after applying the barycentric correction
is not too large. Without an assumption of spectral line
shapes, we are unable to mathematically quantify how small of
an RV is small enough, but simulations suggest that less than
100 m s−1 is acceptable.
Once we obtain âi d, as least-squares estimates of the

coefficients in Equation (6), we obtain ( ) xDoppdiff . Since this
is trained using a Doppler shift that is small (10 m s−1),
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( ) xDoppdiff is again an approximation of the template
spectrum’s derivative. So, to expand our model to include all
absorption features, we simply need to use this term and sum
over absorption features for the Hermite–Gaussian terms:



( ) ( )
( ˆ ˆ )

{ˆ ˆ } ( )

b
b y m s

e

=
+ å å

´ +

= =
¹

 

x x

x

l x u

Diff Doppdiff

; ,

. 7

t t

i
m

d
d

d i t d i i

i t i t

1,

1 0
1

5 , ,

Once again, this is a linear model, and we can test whether
∀d�5,d≠1 ∀i�m βd,i,t= 0. However, this is a very high-dimen-
sional test. Since this is likely to cause the power of the test to
be too small, we wish to revise the model in Equation (7) so
that the dimension of the test is reduced.

We reduce the dimension by noting that the amplitude of the
difference flux will differ across absorption features, but that the
relative amplitudes are in many cases consistent. For example,
Holzer et al. (2020) showed that when the difference flux is
caused by a small Doppler shift, the relative amplitudes of
ψ1(x; μ, σ) for Gaussian absorption features are given by an
expression involving the line depth and width parameters, both
of which can be estimated from the template. Here we wish to
fine-tune the Hermite–Gaussian terms in Equation (7) to the
effects of stellar activity rather than a Doppler shift. Since we do
not assume that absorption features are Gaussian, and because
there is no existing parametric model for the difference flux from
stellar activity, we need to estimate the relative amplitudes
statistically rather than mathematically.

For this, we use a set of 25 Spot Oscillation and Planet 2.0
(SOAP) spectra (Dumusque et al. 2014), designed to approxi-
mately represent the stellar activity effects of an active region
rotating around the Sun. These SOAP spectra are set to have a 1%
equatorial active region that starts from the back of the star and
rotates around exactly once. They cover the wavelength range
from 4470 to 6662Å and have the full resolution of the National
Solar Observatory (NSO) spectrum (Rimmele & Radick 1998).
Using the first of these spectra as the template, which has no
activity effects present because the active region is on the back of
the star, we use the AFF algorithm in Holzer et al. (2020) to
identify wavelength bounds of absorption features. We then
estimate the Gaussian fit parameters for each feature and project
the difference flux due to a 10 m s−1 Doppler shift onto the space
spanned by ψ0, ψ1, ..., ψ5 according to Equation (6) to get the
estimated ( ) xDoppdiff for the represented star. For each of the 25
SOAP spectra, we then subtract out the multiple of ( ) xDoppdiff
that minimizes the sum of the squared residuals. The residual
difference flux of a given feature is then projected onto the space
spanned by ψ0, ψ2, ..., ψ5 as in Equation (7), and the fitted
coefficients for each of the m absorption features and 25 SOAP
epochs are stored.

This, in turn, gives five different 25×m arrays of SOAP
coefficients, each corresponding to a particular Hermite–Gaussian
degree. For each of these five arrays, the corresponding 25×m
array can be viewed as 25 points in m-dimensional space. We then
use robust principal component analysis (rPCA; Candès et al.
2011), which decomposes each 25×m matrix into a sum of a
low-rank matrix, L, and a sparse matrix, S, allowing us to avoid
being influenced by strong outliers.12 Taking the singular-value

decomposition of L gives us the first principal vector, the
loadings ĝd i, of which estimate the relative amplitudes due to an
active region.
Our approach toward obtaining these relative amplitude

estimates is similar to the methods of Davis et al. (2017).
However, instead of applying PCA to the pixels, our approach
applies it to the fitted Hermite–Gaussian coefficients. This
allows us to account for the smooth functional relationship of
neighboring pixels that belong to the same absorption feature.
Furthermore, we only use the first principal vector for each
Hermite–Gaussian degree. The set of relative amplitudes for
each absorption feature from our approach is similar to the
weighted mask used in the CCF method. However, there is
more than just a single mask produced in our approach; each is
obtained from dimensional reduction of SOAP simulations, and
weights are replaced with relative amplitudes. Figure 1 gives a
visualization of the relative amplitudes versus line depth.
Figure 1 illustrates that the shape change due to stellar

activity is related to the depth of the absorption line (Cretignier
et al. 2020). For degrees zero and 2, the amplitude of the shape
change appears to be roughly proportional to the line depth
until reaching a depth of about 0.6. At this point, the amplitude
begins to decrease. Higher degrees also seem to show a
relationship with depth, though not as clearly.
Using the estimates of these amplitudes, ĝd i, , together with m̂i

and ŝi that are estimated through preprocessing, we define

ˆ ( ) ≔ ˆ ( ˆ ˆ ) {ˆ ˆ } ( )å g y m sY
=

 x x l x u; , . 8d
i

m

d i d i i i i
0

,

Our final dimensionally reduced model then becomes

( ) ( ) ˆ ( ) ( ) åb b e= + Y +
=
¹

x x xDiff Doppdiff , 9t t
d
d

d t d1,
0
1

5

,

which is again a linear model. To account for the hetero-
skedasticity of the noise, we use weighted least squares with
the weights set to be the reciprocal of the squared uncertainty in
normalized flux or (if this uncertainty is not provided) the
normalization continuum divided by the template flux.
Equation (9) is again a linear model that can be used for a

statistical inference about whether or not the difference flux at
time t is (at least partially) due to stellar variability. The general
idea behind the test statistic built for this purpose is to consider
two different models: one where only the first term of
Equation (9),Doppdiff , is included in the model and one
where all of the terms are included. If no stellar variability is
present at time t, then the RSS of the first of these two models
will not be significantly greater than the RSS of the second.
Specifically, we define our test statistic as

≔ ( )
- -n

SAFE
RSS RSS

RSS

6

5
, 10t

t t

t

dopp, full,

full,

where RSSdopp is the RSS when using only ( ) xDoppdiff in the
regression, RSSfull is the RSS with all of the terms in
Equation (9), and n is the number of data points included in
the regression.13 Under the null hypothesis, SAFEt would

12 If no strong outliers are present, this gives essentially the same results as the
classical PCA.

13 Note that ( )-RSS RSS 5t tdopp, full, follows the χ2(5) distribution and is
independent of ( ) ( )-nRSS 6tfull, , which follows the χ2(n − 6) distribution.
Therefore, SAFEt is a ratio of independent χ2 random variables. This,
therefore, can be easily generalized for situations where the covariance matrix
of ε in Equation (9) is not diagonal due to effects like the point-spread function.
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follow the F-distribution with (5, n− 6) degrees of freedom,
which allows us to calculate a p-value.

2.3. Multiple Testing Correction

Since each star is observed multiple times, each of which
gives a different value of the SAFE, we need to account for
multiple testing when analyzing the p-values given.14 For a star
observed N different times, we use the Bonferroni correction
(Haynes 2013) to control the family-wise error rate. For a given
significance level, α, this entails comparing all N p-values to
α/N instead of α when deciding whether or not to reject the
null hypothesis of no stellar activity being present. This
correction ensures that the probability of falsely concluding the
presence of statistically significant stellar activity in any of the
N observations is less than α.

For clarification, we note that in this context, the p-value is
the probability, when no stellar activity is present in the star, of
obtaining a spectrum from the target star that gives a larger
value of the SAFE than what was actually observed. We also
note that when the p-value is found to not be below α/N, we do
not conclude that there is no stellar activity present. Instead, we
simply conclude that, whatever stellar activity might be
present, we do not have sufficient evidence to detect it.

3. Simulation Studies

To test the proposed method, we begin by using a set of
spectra simulated from SOAP. Our simulated sample consists

of a time series of 25 observations of the solar spectrum. The
sample includes a 1% equatorial active region that begins at the
back of the star and, at each successive observation, rotates
around the star by a fixed angle. For the first seven and last six
epochs, the active region is behind the star; therefore, the
spectrum is the same as the quiet solar spectrum.

3.1. SAFE Null Distribution

Since we have full knowledge of when the active region is
present or not in SOAP, we use this knowledge to check the null
distribution of SAFE and estimate the power of the SAFE test.15

To simulate data for a true null, we use one of the SOAP
spectra where the active region is behind the star. We begin by
creating 13,000 simulations of adding independent Poisson
noise to the spectrum that gives a signal-to-noise ratio (S/N)
per pixel of 150. We use the quiet solar spectrum from SOAP
as a template and follow the procedure described in Section 2.
The AFF algorithm finds a total of 4114 absorption features
that remain after filtering out those for which a convergence of
Gaussian fit parameters was not reached or the spread was
outside a reasonable range. After estimating the Doppdiff
variable according to Equation (6), we use the SOAP
amplitudes obtained above through rPCA to define all other
covariates of the model in Equation (9). The estimated
Gaussian fit parameters are obtained through the process

Figure 1. Relative amplitudes of absorption features for each Hermite–Gaussian degree. The amplitudes were obtained by applying rPCA to the Hermite–Gaussian
coefficients fitted to the difference flux of SOAP spectra with a 1% equatorial active region. Each panel represents a different Hermite–Gaussian degree. The values of
the relative amplitudes are given to the right of each panel, with the horizontal axis representing the line depth of the absorption feature with respect to the normalized
flux 1.0.

14 Note that this is not the same as testing the single hypothesis that none of the
spectra have stellar activity signals.

15 The null distribution of the SAFE is the probability distribution it follows
when no stellar activity is present (i.e., the null hypothesis is indeed correct).
Since the SAFE is an F-statistic, this null distribution is an F-distribution. The
power is the probability of concluding that the SAFE is statistically significant
when there is indeed stellar activity present.
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described near the beginning of Section 2.1, using the quiet
SOAP spectrum as the template.

For each simulation, we calculate SAFE and its associated p-
value with the proper F-distribution. Since each set of
simulated spectra has different noise realizations, each will
produce a different p-value. If the distribution of the SAFE
under no stellar activity is indeed the F-distribution used to
calculate each p-value, then the p-values will follow the
uniform (0, 1) distribution. The distribution of the p-values
given by this simulation study is illustrated in the histogram of
Figure 2. Since this distribution is approximately uniform, this
supports F(5, n− 6) as the null distribution of the SAFE (i.e.,
the distribution that describes the behavior of the SAFE when
white noise and a small Doppler shift are the only sources of
variation in the spectrum). If the true distribution of the SAFE
under no stellar activity had a fatter right tail or was shifted
upward more than the F(5, n− 6) distribution, the p-values in
Figure 2 would be more concentrated close to 0.0 than 1.0.
Similarly, if the right tail of the true null distribution decreased
faster than the F(5, n− 6) tail, the p-values in Figure 2 would
be more concentrated near 1.0.

To check if the SAFE still follows the theoretical F-distribution
in the presence of a Doppler shift, we follow the same procedure
with a time-dependent RV, ( )p=v t10 sin 2 25t , for t= 1, 2, K,
25, which simulates the effect of an exoplanet completing exactly
one circular orbit around the Sun. In a separate analysis, we use
the 25 SOAP spectra that represent a 1% equatorial active region.
For each of the 25 phases in both of these data sets, we run 5000
independent simulations of adding an S/N of 150 Poisson noise
to the spectrum and calculate the SAFE and its associated p-value.
Figure 3 illustrates the distribution of p-values at each phase for
both the true Doppler shift and the 1% equatorial active region.

For the simulated data that represent a true Doppler shift, the
distribution of p-values should be approximately uniform at
every time instance, as the null hypothesis is true regardless of
the RV. The top panel of Figure 3 illustrates that this is indeed
true. The data representing the equatorial active region begin
and end with the null hypothesis being true, as the active region

is behind the star. But once the active region comes around the
star, the p-values should become more concentrated near zero.
This scenario is also represented in Figure 3.

3.2. SAFE Power

We investigate the power of the SAFE test as a function of
the active region’s phase and how it changes for different levels
of noise. For each phase, beginning when the active region
comes around the star’s edge to where it again goes behind, and
for each S/N from 50 up to 200 in steps of 10, we add
independent Poisson noise to the spectrum and calculate the
SAFE and its corresponding p-value from the F-distribution
1000 times. We then estimate the power from the proportion of
p-values that are below the 0.01 significance level. The results
are shown in Figure 4.
Figures 3 and 4 illustrate that when the active region is near

phase 120◦, 180◦, or 240◦, the power of the SAFE test is
highest. For a further understanding of these phases, Figure 5
shows the estimated value of each coefficient in Equation (9)
as a function of rotational phase according to a 500 S/N
simulation of SOAP.
As illustrated in Figure 5, we find that the coefficients in

Equation (9) with the largest t-statistic when fitted to these
simulations are β0 and β2, which reach local extrema at the
three phases 120◦, 180◦, and 240◦. This suggests that, after
accounting for a Doppler shift, the most statistically significant
characteristic of stellar activity according to SOAP is a
symmetric change of absorption features.
We now compare the SAFE statistic to various other stellar

activity indicator statistics in the literature, namely, the BIS,
BiSlope, BiGauss, V-span, and FWHM. To do so, we use the
same spectra and simulation approach as we do for the SAFE
above. Since these other indicators have not previously been
used as hypothesis test statistics for stellar activity in individual
spectra, our first step is to estimate their null distribution. To do
so, we use 13,000 independent simulations of adding Poisson
noise to the SOAP spectrum where no stellar activity is present.

Figure 2. The left panel shows the distribution of p-values calculated with the SAFE from 13,000 independent simulations of a quiet SOAP spectrum with an S/N of
150. The right panel shows the distribution of the SAFE. Under the null hypothesis of no stellar activity, which is true here, the SAFE follows the F(5, n − 6) indicated
by the solid red curve, and the calculated p-values should be uniform (0, 1), which is supported by the results.
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For a given phase and S/N level, we estimate the power of
using each indicator specified above to conclude that there is
statistically significant stellar activity present. We do so with

the proportion of 1000 simulations that were either below the
0.5th percentile or above the 99.5th percentile of the estimated
null distribution (except in the case of the SAFE, which is only
statistically significant at large values, for which we calculate
the proportion above the 99th percentile). The power results are
illustrated in Figure 6.
Clearly, the FWHM and SAFE statistics have more power

for detecting stellar activity than the BIS, BiSlope, BiGauss,
and V-span in this simulation setting. This suggests that the
most prominent effect of stellar activity, after accounting for an
apparent Doppler shift, is a symmetric change to absorption
features. Figure 7 gives a power comparison of the SAFE to
that of the FWHM by showing the power difference.
Figure 7 illustrates that at various phases and low S/N, the

FWHM has higher power than the SAFE. But as the S/N
increases to about 200, the SAFE becomes more powerful for
most phases.

3.3. Template Estimation

We next simulate a set of spectra with the goal of checking
whether the SAFE null distribution is impacted by using an
estimated template spectrum in place of the true template. To
do so, we take the 106 observed spectra of Tau Ceti (described
below in Section 4) and, for each time instance, replace the flux
of each order with that of the corresponding wavelength region
of a SOAP spectrum. The SOAP flux used for replacement has
Poisson noise with the same S/N as the corresponding Tau Ceti
epoch. Depending on the epoch, these S/Ns range from 120 to
250, and most are around 200. It also has a Doppler shift
representing the same RV as estimated by the CCF for the

Figure 3. Results of doing 5000 simulations of adding an S/N of 150 noise to the spectrum at each time instance. The top panel is for the case of the only effect being
due to a 10 m s−1 semiamplitude Doppler shift from an exoplanet going through one complete circular orbit. The bottom panel is for the case of a 1% equatorial active
region rotating around the star. At each relative time instance for both cases, the distribution of the p-values is shown according to the left vertical axis. The detected
RV for each case is indicated with a smooth curve according to the right vertical axis as a way to indicate the phase of the orbit/rotation. The black circles indicate
outliers, defined as points that are above the 75th percentile by more than 1.5 multiples of the interquartile range of the p-values at the specified time.

Figure 4. The power of the SAFE test, estimated by 1000 Poisson noise
simulations, is plotted as a function of S/N and active region phase. The phases
where the active region is behind the star are not included. The power is
indicated by the color bar on the right.
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Figure 5. Values of the fitted coefficients in Equation (9) for a 500 S/N simulation of SOAP, plotted as a function of the rotational phase of the 1% equatorial active
region. Each panel corresponds to one of the coefficients, beginning in the top left with b̂1, which represents the estimated RV in meters per second. All five other
coefficients are those included in the F-test that produces the SAFE. Error bars are also shown for each coefficient and phase. Note that the error bars for b̂1 are plotted
but small enough to not be visible.

Figure 6. Power comparison of the BIS, BiSlope, BiGauss, V-span, and FWHM stellar activity indicators to the SAFE. For each indicator, we show the power as a
function of the active region’s phase and S/N. The phases where the active region is behind the star are not included.
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corresponding Tau Ceti epoch. After applying the full method
to this simulation, the p-values shown on the vertical axis of the
uniform quantile–quantile plot of Figure 8 are given.16 Since
the coordinates do not step outside the 99% confidence bands,
this gives support that the p-values for our simulation are
approximately uniform. Therefore, we conclude that the
template estimation does not significantly impact the null
distribution of the SAFE. If the imperfect template estimation
procedure had a strong influence on our ability to perform a

statistical inference about the SAFE, the data in Figure 8 would
depart significantly from the diagonal.

3.4. Realistic Stellar Activity

Activity on stars often includes multiple active regions with
variable sizes that change dynamically. We apply the proposed
method to simulated spectra from Gilbertson et al. (2020a) that
were generated using a more realistic active region model. The
apparent RV induced by these models is on a scale of about
1 m s−1, characteristic of the stellar variability of the Sun. We
randomly sample 100 of the 730 available epochs, reduce the
resolution of each to 137,500 to match the reported resolution
of EXPRES (Petersburg et al. 2020), limit to the wavelength
region between 5000 and 6500Å, and decrease the S/N to 250.
Using these 100 spectra, we estimate the template spectrum and
calculate the SAFE after subtracting off the fit of the median
estimated coefficients over time. Figure 9 compares the
SAFE to the area in microsolar hemispheres of the visible
stellar surface covered by active regions projected onto
the visible disk.
Figure 9 demonstrates that, under more realistic active

region effects on Sun-like stars, the SAFE becomes statistically
significant when the percentage of the visible projected disk of the
star covered by active regions is greater than approximately
0.15%. It also shows a noticeable monotonic association between
the SAFE and the projected visible surface covered.

4. Applications to EXPRES Data

To test the performance of the SAFE on real data, we use
spectra recently collected by EXPRES for the stars HD 10700
(Tau Ceti), HD 22049 (Eps Eri), and HD 3651. Eps Eri is
known to be a star with relatively high stellar variability
(Kelch 1978; Simon et al. 1980; Thatcher et al. 1991; Gray &
Baliunas 1995), whereas Tau Ceti (Gray 1984; Saar &
Donahue 1997; Frick et al. 1997) and HD 3651 (Frick et al.
1997) are known to be relatively quiet. Our data set consists of
106 spectra for Tau Ceti, 60 spectra for Eps Eri, and 52 spectra
for HD 3651. These spectra were all collected in the latter half
of 2019.

Figure 7. Power comparison of the SAFE and FWHM stellar activity
indicators. The difference in statistical power between the SAFE and FWHM is
indicated by the color bar on the right (that is centered at zero) and shown as a
function of the active region’s phase and S/N.

Figure 8. Uniform quantile–quantile plot with the empirical p-value quantiles
from the SAFE simulation on the vertical axis and the corresponding uniform
(0, 1) quantiles on the horizontal axis. The 99% confidence bands are shown
with dashed black lines.

Figure 9. Calculated value of the SAFE plotted against the true projected
microsolar hemispheres on the visible surface of the star covered by active
regions. The horizontal dashed line represents the critical value of the SAFE
after correcting for multiple testing, above which the p-value is less than 0.001.

16 A uniform quantile–quantile plot shows the empirical quantiles of the sorted
data on the vertical axis, plotted against the corresponding theoretical quantiles
of the uniform (0, 1) distribution. The closer the data lie to the diagonal in the
plot, the more they resemble a uniform distribution. For sorted p-values
p(1) � p(2) � ... � p(N), the corresponding theoretical quantile of p(i) is

( )= -q i N0.5i . The values of the 100(1 − α)% confidence band at qi are
given by the α/2 and 1 − α/2 quantiles of the beta(i, N − i + 1) distribution.
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Each of these spectra comes with a barycentric-corrected
wavelength solution, normalized flux, and telluric models.
Uncertainties for the normalized flux are also provided, which
we use to determine the weights in the linear model for
the SAFE.

4.1. Data Preprocessing

To mitigate the effects of tellurics, we mask out all pixels of
each spectra where the telluric model normalized flux generated
from selenite (Leet et al. 2019) is less than 1.0. We also use
cubic spline interpolation to stitch the orders together, giving a
single two-dimensional array of normalized flux and wave-
length for each spectrum. We further limit the stitched spectra
to be between 5000 and 7000Å, as the wavelength solution is
known to be increasingly less accurate outside this range.

Although the spectra are provided with the continuum
normalized, we find that an additional normalization step is
needed to remove remaining trends in the continuum,
particularly near the edges of orders. To further adjust the
normalization, the AFF algorithm of Holzer et al. (2020) is
used with a small width parameter to identify as many potential
absorption features as possible. The portions of the spectra that
do not lie inside any of the detected absorption feature
wavelength bounds are then used as windows of the
continuum. Because the AFF algorithm can sometimes miss
absorption features, any of the remaining pixels that have a
normalized flux more than one multiple of the interquartile
range below the 25th percentile of the remaining subset are
removed. A running median is then applied to estimate the
remaining continuum to be divided out. Finally, we adjust the
wavelength axis of each spectrum by dividing out the apparent
Doppler shift using the RV estimated by the EXPRES pipeline,
which, as previously noted, need only be within 5 m s−1 of the
true velocity. This allows for a more accurate estimation of the
template spectrum (described in Section 3.3) that has minimal
broadening of absorption features.

4.2. Calculating SAFE

For each of the spectra, we first estimate a template spectrum
using the nonparametric approach described in Holzer et al.
(2020). Because replacing hardware or other components of the
instrumentation can affect the spectrum in ways that lead to a
statistically significant value of SAFE, separate estimates of the
template spectrum before and after such changes are recom-
mended. Such changes took place in 2019 August following 47
(of the total 106) observations of Tau Ceti. These updates
helped improve the stability of the laser frequency comb by
replacing the photonic crystal fiber and changing the polariza-
tion of the light. (All observations of Eps Eri and HD 3651
came after these changes.) Therefore, we estimated two
separate template spectra for Tau Ceti using the approach
described in Section 3.3.

For each of these template spectra, we obtain estimates m̂i
and ŝi for each feature using the process described at the
beginning of Section 2.1.17

We then perform weighted least squares with the difference
flux according to Equation (9). Occasionally, we find that there
are strong outliers present in the regression, mostly due to
absorption features with a poor algorithmic convergence of
fitting a Gaussian and failing to be eliminated as described in
the preceding paragraph. Consequently, we also remove points
at time t that have an influence18 greater than 50 multiples of
the interquartile range above the 75th percentile of all of the
influence values at time t. We find that such strong influence
points rarely occur and are usually due to cosmic rays. Before
calculating the SAFE according to Equation (10) for all
observed spectra, we make one final adjustment to the template
spectrum by taking the median value of each fitted coefficient
b̂i t, across time, calculating the median difference flux from the
median coefficients, and subtracting the median difference flux
from the estimated template. This helps to further correct for
the bias present in the estimated template spectrum. Using this
adjusted template to calculate the difference flux for each
normalized spectrum, we then fit the coefficients and calculate
the SAFEt at each time t.

4.3. Results

Figure 10 shows the distribution of the (log) SAFE for Eps
Eri, Tau Ceti, and HD 3651. This illustrates that, as expected,
Tau Ceti and HD 3651 mostly have values of the SAFE that are
not statistically significant, occasionally showing a significant
stellar activity signal. On the other hand, the large majority of
Eps Eri observations gave a value of the SAFE above the
critical value.
As further evidence that the SAFE statistic is detecting stellar

activity in the spectra for Eps Eri, Figure 11 shows the SAFE
plotted against the Modified Julian Date (MJD). Since stellar
variability in the form of active regions changes on the order of

Figure 10. Histograms representing the distribution of the natural log of the
SAFE for the three stars Eps Eri (blue), Tau Ceti (red), and HD 3651 (yellow).
The (multiple testing–corrected) critical value for a significance level of 0.001,
above which are the statistically significant values of the SAFE, is shown by
the vertical dashed line. Note that all three stars appear to have approximately
the same critical value in this plot.

17 For the HD 10700 template spectrum before the instrumental changes in
2019 August, 1191 of the 2297 features remained after these criteria. For the
HD 10700 template spectrum after the instrumental changes, 1128 of the 2172
features remained. Out of the 2302 features for HD 3651, 871 remained. And
HD 22049 had 877 of its 2309 features remain.

18 For a linear model Y = Xβ + ε, with design matrix X and response vector Y,
the vector of fitted values is ˆ ( )= =-Y X X X X Y HYT T1 . The influence of the ith
data point, which will be relatively far from zero if Xi,· is an outlier, is given by

the expression
( ˆ )-

-
Y Y H
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days, we would expect to find similar values of the SAFE for
observations taken in the same night.

For Eps Eri, we find that the standard deviation of the SAFE
between nights (34.5) is approximately six times larger than the
standard deviation within nights (5.78). Furthermore, we did
not find any noticeable association between the SAFE statistic
and any of the weather conditions provided by EXPRES:
cryostat temperature, cryostat pressure, angular distance of the
Moon, angular distance of the Sun, airmass, and exposure time.

We also analyzed the star HD 34411, one of the most
frequently observed stars in the EXPRES pipeline. With a total
of 173 spectra ranging from (barycentric) MJD 58,437 to
59,135, we calculated the SAFE with the same procedure
previously described with initial RV estimates given by the
method of Holzer et al. (2020). A total of 24 of the observations
produced a statistically significant value of the SAFE.

As a first step of extending the use of the SAFE for
correcting the RV measurements to be less influenced by stellar
activity, we suggest simply removing observations that we
conclude have a statistically significant stellar activity signal
present.19 For HD 34411, by eliminating the 33 observations
where the SAFE is above the critical value or the occur on the
same night as an observation with a very large value of the
SAFE (i.e., greater than 10), we find that the rms deviation
from the average RV decreases from 2.08 to 1.72 m s−1. This
represents an improvement of the estimated RV precision of
approximately 17%.

5. Discussion

The proposed SAFE statistic aims to detect any shape
change in the spectral absorption features that is not due to a
Doppler shift. Under the assumption that the line-spread
function is stable and all instrumental effects have been
properly corrected for, the only remaining source of absorption
feature shape changes is stellar variability in the observed star.
In this sense, the SAFE can be thought of as a combination of
many classical stellar activity indicators. This is because it is

composed of a linear combination of Hermite–Gaussian
functions, ψn. For a single absorption feature, a change in the
line depth would be characterized with ψ0. Here ψ2 would
represent a change in the line width, similar to the FWHM. A
change in skewness would result in some linear combination of
ψ3 and ψ5, similar to the BIS, BiSlope, V-span, and BiGauss.
And ψ4 helps to represent a change in line kurtosis. Therefore,
instead of trying to detect a specific type of change due to
stellar activity, the SAFE aims to detect any change in line
shape that is not due to a simple Doppler rescaling of the
wavelength axis.
Compared to the many other stellar activity indicators, the

SAFE is unique in that its null distribution is well known.
Consequently, it allows for testing the hypothesis that no stellar
activity is present.
One of the benefits of building the SAFE with a linear model

comes from the fact that rarely, if ever, is there just one active
region or form of stellar activity on a given star. Under the
assumption that the cumulative effect of multiple active regions
is just the superposition of each individual active region, a
linear model allows for not knowing the number of active
regions in advance. Active regions are also known to vary in
size. Assuming that the effect of a different-sized active region
would just be a rescaling of the difference flux imposed on each
absorption feature, a linear model also allows for not knowing
the size of each active region.
Unlike in Holzer et al. (2020), we do not assume that

absorption features are Gaussian. This allows for using spectral
lines with significantly broadened wings. It also means that we
do not need to avoid blended spectral lines. Instead, we assume
that each absorption feature’s difference flux due to a Doppler
shift can be decomposed as a linear combination of the
Hermite–Gaussian functions up to degree 5. Consequently, we
are unable to mathematically quantify how small of an RV is
small enough for our assumptions to be met; our simulations
suggest that an RV of 10 m s−1 is within the acceptable range.
Furthermore, the Hermite–Gaussian functions are not the only
basis one could choose for calculating the SAFE. We prefer
this basis because it is smooth, localized, and composed of
even and odd functions.
As mentioned above, the SAFE is calculated using a large

portion of the spectrum. By dropping the assumption of
Gaussian-shaped absorption features, we are able to use more
features found by the AFF algorithm compared to when the
Gaussian-shape assumption is used. While we do use the
continuum in our renormalization as part of the data
preprocessing, only pixels corresponding to absorption features
are used in the regression model used for calculating the SAFE.
The dimensional reduction we perform using rPCA over

each degree of Hermite–Gaussian coefficients for SOAP
spectra can be considered a way of quantifying how strongly
certain absorption features are affected compared to others. The
ability of the SAFE to detect statistically significant stellar
activity signals in Eps Eri spectra indicates that the relative
amplitudes given by rPCA on SOAP spectra are accurate
enough to extend to real data. However, it remains unknown
how well such relative amplitudes will do at detecting stellar
variability in stars that are very different from the Sun.
Furthermore, the amplitudes may need to be adjusted if one
aims to detect other forms of stellar variability than active
regions. For example, since very few of the observations of Tau
Ceti gave a statistically significant SAFE, but all were

Figure 11. Scatter plot of the SAFE against the (barycentric) MJD for
observations of Eps Eri (HD 22049). The scatter between nights is greater than
the average scatter within nights, which is expected for stellar activity
indicators.

19 We acknowledge that this approach of simply eliminating observations is
likely to not work well on very active stars, where nearly all observations have
a statistically significant stellar activity signal.
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(intentionally) collected in a short time interval that likely did
not wash out the signal of pressure mode oscillations (Chaplin
et al. 2019), this suggests that the relative amplitudes are not
tuned to detecting this type of stellar variability.

For the simulation studies of SAFE, as well as the
applications to stars observed by EXPRES, we find that the
coefficient of Ψ2 is the most statistically significant when
calculating the SAFE. This suggests that the most noticeable
difference between a Doppler shift and a signal from an active
region is the symmetric change represented by a multiple of ψ2.
Therefore, as illustrated in Figure 12, we do not expect the
SAFE to be correlated with the apparent RV due to an active
region.

Because the SAFE is not expected to be correlated with the
apparent RV, it is primarily designed to detect, rather than
directly correct for, the presence of stellar activity. However,
the SAFE or the individual fitted coefficient values of
Equation (9) may still be used to help correct the apparent
RV by including it in a time-series model, such as that of
Rajpaul et al. (2015) or Jones et al. (2017).

While the approach for cleansing the RV measurements of
stellar activity by simply removing observations with a large value
of the SAFE may be useful for stars with intermittent activity, it
would result in rejecting a large fraction of data for other stars that
frequently have detectable levels of stellar activity. Therefore,
future studies should investigate whether the SAFE statistic or the
b̂d coefficients could be used to predict the RV perturbation due to
stellar activity and provide an improved estimate for the RV. As a
first step in this direction, we investigated the ability of these
coefficients calculated from half a year of simulated solar data
(Gilbertson et al. 2020a) to perform this task. It is unclear how the
coefficients will map onto RV contamination, so we fit a version
of the multivariate Gaussian process model described in
Gilbertson et al. (2020b) to the b̂1 coefficients (which represent
initial RV estimates) and the first two series of PCA scores created
from the b̂0, b̂2, and b̂3 components. We found that, once the
model hyperparameters were fit, conditioning the posterior of the

model on only the stellar activity information (i.e., no RV
information) removed over half of the variance in the RV
measurements contributed by the stellar variability. Thus, the use
of SAFE coefficients to improve the precision of RV measure-
ments in the presence of stellar variability appears to be a
promising avenue for future research.
A number of improvements could potentially be made to the

methodology of calculating the SAFE. The assumption made
about the noise being independent is not necessarily true due to
the point-spread function of the spectrograph. Adjusting for
this by using a nondiagonal covariance matrix in the linear
model of Equation (9) would help account for this. Another
improvement would be to include Ψ1 in the model and test if
the coefficient of this additional term is also simultaneously
zero. This would potentially allow the SAFE to more easily
detect antisymmetric shape changes in absorption features due
to stellar variability. While Ψ1 is not included due to potential
collinearity, this issue may be avoidable by formulating the
regression in a Bayesian framework. Including Ψd for d> 5
may also help improve the SAFE.
While a good number of absorption features were removed

in this work, the SAFE has the potential to be calculated from
nearly all spectral features. If the continuum normalization
were to be done with high accuracy, and complicated
absorption features could be well modeled, then many more
such features could be included in the linear model. This could
increase the statistical power of the SAFE even further.
Finally, an improvement that we suspect will greatly

improve upon this work is to account for effects of stellar
activity that are not shared across most absorption features. Our
use of relative amplitudes in building the explanatory variables
for the regression model of Equation (9) essentially limits the
SAFE to detecting spectrum-wide effects. But it is well known
that some absorption features are much more sensitive to stellar
activity than others (Dumusque 2018; Wise et al. 2018; Ning
et al. 2019). Including additional terms in Equation (9) for such
activity-sensitive spectral lines could allow the SAFE to detect
both spectrum-wide and feature-specific effects simultaneously.

Figure 12. Visual graphic representing qualitatively why we do not expect the SAFE to be correlated with the apparent RV due to an active region. The sphere on the
left represents a star with four sequential phases of an equatorial active region. Solid lines represent the visible side of the star, and dotted lines represent the back. The
plot on the right shows the expected behavior of the SAFE and RV for each of the four phases. For a different-sized active region, the coordinates of the four points in
the right panel would simply be scaled by a certain factor. Note that state 4 is for when the active region is completely on the nonvisible side of the star.
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6. Conclusion

We introduce a new stellar activity indicator called the
SAFE, which is an F-statistic for a linear model of a spectrum’s
difference flux on sums of Hermite–Gaussian functions
centered on absorption features. Through simulation, we
demonstrate that the SAFE follows the assumed F-distribution,
is not affected by a Doppler shift, and is associated with the
area of the visible projected surface covered by active regions.
We also compare the statistical power of many classical stellar
activity indicators and find that the SAFE and FWHM perform
the best. Furthermore, the SAFE is estimated on a set of spectra
recently collected by EXPRES from HD 22049, HD 10700,
and HD 3651. Known to be very active, HD 22049 results in
statistically significant values of the SAFE in almost all of the
spectra. Additionally, the other two stars, known to be
relatively inactive, only occasionally have statistically sig-
nificant stellar activity detected by the SAFE. Overall, the
SAFE is a new stellar activity indicator that detects stellar
variability with high power and appears to show promise for
being useful in disentangling such signals from exoplanet-
induced Doppler shifts. The data and code associated with this
work are accessible in the following repository: https://github.
com/parkerholzer/safe_statistic. The methodology is also
implemented in the R package rvmethod 0.2.0 available on
the CRAN.
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