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Abstract
This Technical Report presents a revised implementation of the ATOCA algorithm for spectral
extraction of NIRISS data taken in the Single Object Slitless Spectroscopy (SOSS) mode. ATOCA
involves forward-modeling the dispersed image on the detector in order to extract spectral orders
while minimizing cross-order contamination. Our implementation represents a factor of ≈15–30
time savings over the implementation in JWST builds 1.20.X and earlier, imputes missing data to
avoid biases due to cosmic ray hits or other data loss, and constructs a representative integration
to optimize the parameters of the ATOCA reduction. This revised implementation ultimately has
very little impact on the extracted spectra aside from its treatment of missing data. It has been
implemented in Version 1.21.0 of the JWST pipeline.

1 Introduction
The Single Object Slitless Spectroscopy [SOSS, Albert et al., 2023] mode of the Near-Infrared
Imager and Slitless Spectrograph [NIRISS, Doyon et al., 2012, 2023] is a time-series observation
mode primarily designed for the spectroscopic characterization of transiting exoplanet systems.
Utilizing the GR700XD grism, the SOSS mode cross-disperses the light of a given target across
multiple spectral orders from 0.6−2.8µm at a resolving power, R ≈ 700. Crucially, these spectral
orders are not spatially isolated on the detector, causing notable order contamination. This is most
apparent at the longest wavelengths of Order 1 and Order 2, where the spectral orders overlap, but
is also present to some degree at all wavelengths due to the broad cross-dispersion wings. With
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individual pixels experiencing illumination from different spectral orders at different wavelengths,
there is no single wavelength solution, and an accurate spectroscopic extraction cannot be obtained
using standard techniques.

The ATOCA algorithm [Darveau-Bernier et al., 2022] enables extraction of the overlapping
spectral orders. The basic procedure is to forward-model the two-dimensional image on the detector
using a detailed characterization of the instrument and optics. The forward model can then be
derived for all spectral orders except for the desired one and subtracted from the image. This
step provides a relatively clean image of a single spectral order. That order can then be extracted
using one-dimensional approaches, e.g., simple summation cross-dispersion (box extraction). By
applying this approach to each of the three spectral orders in turn, all three may be extracted.

ATOCA forward-models the detector image with a spectrum of much finer sampling than the
detector resolution. If it were using this approach to infer the spectrum, it would result in strong
wavelength-to-wavelength correlations. The use of an oversampled spectrum solely to model and
remove contaminating orders is not a problem in this respect. However, it introduces so many free
parameters that the problem is no longer sufficiently overconstrained and ATOCA’s least squares
approach can become numerically unstable. ATOCA solves this problem by Tikhonov regulariza-
tion, with an appropriate regularization factor to be determined from the data. ATOCA uses a
threshold on the derivative of χ2 of the two-dimensional model with respect to the regularization
factor.

As implemented in the JWST pipeline [Bushouse et al., 2025] version 1.20.0, the ATOCA
algorithm is computationally expensive, often requiring an hour or more to process 100-200 inte-
grations. This Technical Report summarizes small changes to the algorithm that result in a large
performance improvement. After these changes, the extracted spectra are very similar but not
identical to those derived using the legacy pipeline. We demonstrate the reasons for the differ-
ences, arguing that the new results reduce systematic errors due to the handling of missing data
and also reduce biases from noise correlations with signal.

We organize the Report as follows. Section 2 briefly summarizes the ATOCA algorithm. Sec-
tion 3 presents the core of our revised approach: treating the per-pixel uncertainties as being
constant across integrations. Section 4 discusses the regularization that the problem requires, and
Section 5 discusses the oversampled wavelength grid. Section 6 quantities and discusses the differ-
ences between the legacy and revised implementations and Section 7 summarizes the performance
improvements. We conclude with Section 8.

2 The Least Squares Approach of ATOCA

The ATOCA algorithm begins by constructing a forward model of the two-dimensional image on
the detector. This model image is a linear function of the spectrum at each wavelength. We denote
this spectrum as a vector f and the linear relationship between spectrum and detector image by the
matrix A; the dimensions of A are npixels × nwavelengths. We further denote the flattened detector
image by the vector b and the flattened uncertainties by the vector σ. The χ2 value for the model
is then

χ2 =

∣∣∣∣Af − b

σ

∣∣∣∣2 (1)

where the absolute value symbols represent the L2 norm and the fraction represents element-wise
division.
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Equation 1 is not regularized. Minimizing it numerically may become unstable with a suffi-
ciently oversampled wavelength array due to a poor condition number of A. To overcome this
problem, ATOCA uses Tikhonov regularization with an nwavelengths × nwavelengths regularization
matrix Γ and a factor α; the χ2 to be minimized is then

χ2 =

∣∣∣∣Af − b

σ

∣∣∣∣2 + α|Γf |2. (2)

Following the standard approach for the solution of a linear system by the normal equations [Press
et al., 1992], we next define b′ as the element-wise ratio of b and σ and A′ as the row-wise ratio
of A and σ. Equation (2) can then be written

χ2 = |A′f − b′|2 + α|Γf |2. (3)

To minimize Equation (2), we can differentiate and set the derivative to zero. This yields(
A′TA′ + αΓTΓ

)
f = A′Tb′. (4)

Equation (4) can be solved for f with standard linear algebra, using either an inversion or a
decomposition of the matrix A′TA′ + αΓTΓ. In ATOCA, the matrix A represents a detector
model and is computed once; it is the same for all integrations. Similarly, the matrix Γ encodes the
regularization scheme and only needs to be computed once. Unfortunately, the matrix A′ includes
the uncertainties of every pixel. As a result, it is computed separately for each integration. The
subsequent matrix multiplications and inversion or decomposition must also be done separately
for each integration, at significant computational expense.

With the machinery summarized in this section, the best-fit f may be computed integration by
integration, and from this, the best-fit scene Af . To extract an order, a separate model matrix Ai

may be constructed excluding the desired order i. From this a decontaminated image of the order
may be derived as b−Aif .

3 Fixed Uncertainties
The most expensive parts of the ATOCA calculation are the construction of the model matrices
A and Ai for each order i, their multiplication, and the solution of Equation (4) for f by either
matrix inversion or matrix decomposition. The model matrices only need to be computed once as
they are the same for all integrations. However, the matrix in Equation (4),

M = A′TA′ + αΓTΓ, (5)

differs for all integrations because the pixel uncertainties σ change from integration to integration,
and A′ = A/σ. In this section we develop an approach that holds the uncertainties constant
across integrations. There are a number of motivations for doing so:

1. NIRISS SOSS time series show only modest variations in signal from one integration to the
next; the uncertainties change little.

2. By adopting fixed uncertainties, the matrix M is the same for all integrations and may be
inverted or decomposed once.
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3. Photon noise is typically derived from the best-fit count rate. This introduces a covariance
that biases the best-fit model image low, which can slightly underestimate contamination.

This section will focus on the first two points; we will defer discussion of the third point to Section
6.

For the constant, integration-independent uncertainty, we adopt the median of σ across inte-
grations excluding invalid data (represented by NaNs). We then compute the matrices A′, M,
and M−1 using this uncertainty. The matrix b′ will still be computed integration-by-integration,
but will always use the same uncertainty regardless of the pixel values b. The solution for the
oversampled spectrum f is then given by the product of a matrix and a vector, which is several
orders of magnitude less expensive computationally than the inversion or decomposition of the
large matrix M.

Our use of a fixed uncertainty prevents us from masking pixels in individual integrations.
While this may seem to be a drawback, masking pixels in individual integrations is not possible
in aperture-based spectral extraction either (this is the current default extraction method of the
JWST pipeline). As of JWST Pipeline Version 1.20.2, invalid pixels (and their uncertainties)
are set to zero for the purposes of spectral extraction. We instead impute these pixels’ values.
We first replace invalid data with the median across all integrations. We then overwrite replaced
pixel values with the median of those pixels across a maximum of nine neighboring integrations.
This preserves the temporal localization of the imputation. To flag replaced data, we inflate
their uncertainties by a factor of ten relative to the median uncertainty across integrations. The
extracted spectrum thus preserves a record of the use of imputed data. We make no attempt to
impute data that are missing across all integrations due to, e.g., a static bad pixel. Future work
could use the ATOCA-derived model of the detector image to do so.

4 The Optimal Tikhonov Factor
Our updated ATOCA implementation runs much faster than the previous implementation due to
the fact that large matrices only need to be computed, inverted, or decomposed once across all
integrations. However, the χ2 optimization of Equation (2) still requires a regularization factor
α. The previous implementation of ATOCA computed the best Tikhonov factor α from the first
integration alone. This process proceeded in two stages. First, χ2 was computed according to
Equation (2) using a grid of 10 trial Tikhonov factors across ten orders of magnitude. Several
different optimizations were then applied, and the smallest Tikhonov factor among them was
adopted. Second, 20 trial Tikhonov factors were used across four orders of magnitude centered on
the initial best-fit value. In this stage, a threshold was applied to dχ2/d logα to determine the
appropriate factor.

We revisit this algorithm for several reasons. We would like to avoid the use of different criteria
in the first iteration and subsequent iterations, and if possible, we would like to improve the
computational efficiency. It is also possible that the first integration may not be representative of
subsequent integrations, and we would like our approach to be robust to this case.

We proceed by constructing a representative integration for use in determining the Tikhonov
factor. For this purpose we use the mean of all integrations, ignoring invalid data in our averaging.
We choose the mean rather than the median so that noise will average down even in the presence
of astrophysical variability; the median would not have this property. Given many integrations,
this approach results in an image with much less noise than any individual integration. While we
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could scale the noise down appropriately to find a good Tikhonov factor, this would change the
typical noise relative to underlying systematics that do not average down. In practice it proves
to be an unreliable way to generate good Tikhonov factors. Instead, we use a random number
generator to add Gaussian noise to our typical (mean) integration. We scale this Gaussian noise
so that its standard deviation matches the median uncertainty that we use across all integrations,
adjusted for the fact that our mean integration retains a fraction 1/

√
nintegrations of the original

noise. To make the pipeline repeatable in its output, we initialize the random number generator
to a fixed seed.

We also change how the best Tikhonov factor is calculated. We retain the initial coarse grid
of trial factors across ten orders of magnitude in α, but then construct a modified Akima spline
[Akima, 1970] through these points as a function of logα. We next compute the derivative of the
spline and generate a large number of points. We choose the first point at which the derivative
exceeds the adopted threshold as our initial guess for the optimal Tikhonov factor. We next add
two additional trial factors, one on either side of the coarse grid closest to this initial best fit factor,
and recompute the spline and its derivative. If the spline derivative never crossed the threshold
within the initial domain, this refinement step extends the domain. We repeat this refinement
procedure three times to improve the resolution on the Tikhonov factor by a typical factor of eight
for an additional cost of six trial computations rather than the previous twenty. Because the cost
of this step is dominated by the cost of evaluating χ2 for each Tikhonov factor, our approach
results in a factor of nearly 2 in runtime savings. It also retains the same criterion—a threshold
on dχ2/d logα—for inferring the best regularization factor throughout the process.

5 The Adaptive Wavelength Grid

The final change we make is to the oversampled wavelength grid. The ATOCA algorithm con-
structs an adaptive wavelength grid intended to enable a nearly perfect model of the detector. This
wavelength grid is limited to a maximum of 20,000 points, but there is no limit to its resolution.
This permits the adaptive algorithm to construct a wavelength grid oversampling the pixels by
many orders of magnitude. This is undesirable given the use of sparse matrices to represent the
mapping between spectrum and detector image, and generally unproductive given the regular-
ization of the problem. A very highly oversampled wavelength grid will produce a locally dense
matrix in the linear mapping between wavelength and pixel.

We limit this behavior by imposing a minimum separation of 10−5 µm between elements of
the wavelength grid. This is still very oversampled, at ≈0.01 pixels, but it limits the denseness
of the resulting matrices and improves performance. It avoids a handful of pixels where the
legacy implementation would compute wavelength resolutions as fine as ≈10−7 µm, corresponding
to ∼10−4 pixels.

6 Quantitative Differences in the Outputs

The previous sections detailed a number of small changes to our implementation of the ATOCA
algorithm. These will result in differences in the extracted spectra. We divide the changes that
could cause differences in the end results into four categories:

1. Differences due to the imputation of missing pixel data;
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2. Differences due to the use of a single set of uncertainties for all integrations;

3. Differences due to a slightly different Tikhonov factor; and

4. Differences due to limiting the wavelength grid’s oversampling.

In this section we will quantify and study each of them. To assess the impact of our changes, we
focus on the dataset jw02734002001_04101_00001-seg001, the first segment of the same dataset
used in the NIRISS SOSS demonstration notebook1. This example dataset is from Early Release
Observation (ERO) Program 2734 (PI: K. Pontoppidan). The program consists of time series
observations (TSO) of confirmed exoplanets HAT-P-18b [Fu et al., 2022, Fournier-Tondreau et al.,
2024] and WASP-96b [Radica et al., 2023, Wang et al., 2025], intended to demonstrate the power
and precision of the JWST TSO modes. We will begin by holding both the wavelength grid and
the Tikhonov factor fixed, and then proceed to investigate the impact on the Tikhonov factor itself
and downstream effects on the extracted spectra. Finally, we show the impact of our change to
the model wavelength grid.

6.1 The Extracted Spectra and Imputed Data

We first fix both the wavelength grid and Tikhonov factors and investigate quantitative changes in
the extracted spectra. We compute the mean and median of the difference between the extracted
spectra across the 100 integrations in Segment 1 of our sample data. The mean difference will
show the effects of lost pixels in individual integrations, which will systematically bias the spectra
low when they are set to zero. The median difference will show systematics from the use of a fixed
set of uncertainties.

Figure 1 shows the mean and median differences in the extracted spectra across integrations.
The differences are multiplied by a factor of 1000 to be visible on the same axes as the spectra
themselves. The mean differences are systematically negative in Orders 1 and 3, reflecting the
impact of pixels with missing data that were set to zero. The median difference in both cases
is many orders of magnitude smaller than the measured spectra, and many orders of magnitude
smaller than the noise.

Order 2 in Figure 1 presents a more complex story. The blue half of the Order 2 spectrum
shows the same behavior as Orders 1 and 3, with the mean difference being systematically negative
due to the loss of missing data. The red half, where there is significant overlap between Orders 1
and 2, is the only place where the median difference is significantly nonzero and where the mean
has significant positive fluctuations. In the following subsection we discuss the reason for this.

6.2 Systematic Differences in Order 2 due to Fixed Uncertainties

The red section of Order 2 overlaps part of Order 1 on the NIRISS detector. The extracted
spectrum of Order 2 is very sensitive to the removal of contamination from Order 1. Figure
1 shows that the extracted spectrum in the new reduction is smaller than the spectrum in the
old reduction in this spectral region. This may be understood as a consequence of the modeled
contamination being larger in the new reduction. In this subsection we discuss the reason for the
change.

1https://github.com/spacetelescope/jwst-pipeline-notebooks/
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Figure 1: Mean and median across integrations of the difference between spectra extracted with
the previous and updated ATOCA implementations. Negative values mean that the previous
implementation gives a smaller value. The measured spectrum is shown in blue; the differences
are multiplied by 1000 to be visible on the same axis limits. The mean difference shows the effects
of imputed data for lost pixels and rounding errors that affect small numbers of pixels more or less
randomly. The median difference shows systematic effects. These are negligible apart from Order
2, which we discuss further in Section 6.2 .
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Figure 2: Bias in the estimator of Equation (6). This bias results in an underestimate of the signal
when using a χ2 fit to data for which photon noise was estimated from the data themselves.

When assigning the uncertainties associated with a pixel, the read noise may be independently
measured but the photon noise depends on the counts that pixel received. The expected number
of counts will not be independently known (otherwise there would be no need to measure it with
JWST). Instead, the photon noise is estimated from the data themselves. If, by chance, a pixel
happens to receive more photons than expected, it will have a larger photon noise uncertainty
assigned to it. The result of this is a covariance between the realization of the noise and the
assigned value of the uncertainty.

The covariance between the realized noise and the inferred uncertainty introduces a bias in a
maximum likelihood estimate of the flux, like χ2. To see this, we set the read noise variance to be
σ2
r , assign σ2

i = ni to be the number of measured photoelectrons in integration i, and assume that
the mean number of photoelectrons ⟨ni⟩ = N is unbiased. A maximum likelihood estimator gives

ñ =

(∑
i

ni

ni + σ2
r

)(∑
i

1

ni + σ2
r

)−1

. (6)

In the limit of σ2
r → 0, a single measurement of ni = 0 results in ñ = 0.

Figure 2 shows the empirical bias in the estimator given by Equation (6) for a read noise of
4 electrons. This read noise is the effective noise from fitting all reads up-the-ramp, and can be
smaller than the noise associated with an individual read. The bias is always negative: the recov-
ered signal is always, on average, an underestimate of the true signal. This results in subtracting
less contamination from the red half of Order 2.

By using the median uncertainty across integrations, the correlation between the estimated
photon noise and the signal is much reduced. This results in less bias in the revised implementation
of ATOCA, a larger inferred contamination of the red half of Order 2, and a slightly smaller
extracted intensity. The difference is small but the results from the new extraction are to be
preferred.
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Figure 3: Distribution of best-fit Tikhonov factors for Orders 1+2 under the legacy ATOCA
implementation (blue) and the revised one (orange). The previous implementation shows a larger
spread depending on which of 100 integrations is used as the reference. The revised version shows
a smaller spread and a small offset, a factor of ≈4 smaller than the refined grid resolution in the
legacy implementation.

6.3 The Tikhonov Factor

As described in the previous section, we now compute the Tikhonov factor using a reference
integration, taken to be the average of all integrations with Gaussian noise added to ensure that
the median uncertainty is representative of its error. To assess the impact of this change, we
compute the distribution of the best-fit Tikhonov factor across all 100 integrations of Segment 1
in the sample dataset. We then compute the same distribution for our reference integration with
100 realizations of Gaussian noise. In all cases, we fix the wavelength grid to match that used in
the previous version of the ATOCA implementation.

Figure 3 shows the results for the Tikhonov factor for Order 1, the only Tikhonov factor mean-
ingfully used in the ATOCA algorithm. The distributions of the legacy and revised implementation
are shown in shaded blue and orange histograms, respectively. The two distributions overlap, but
they do show slight differences. The range of factors with the updated approach is smaller be-
cause the differences arise solely from different realizations of Gaussian noise. Systematics and
mis-estimated errors are absent by construction. The difference in the centers of the two distribu-
tions is small, ≈15%. With 20 points spanning four orders of magnitude, the Tikhonov factor grid
spacing in the legacy version of ATOCA was a factor of 204/19 ≈ 1.62, or ≈4 times the difference in
distribution centers. Such a difference may be due to the change from a finite difference calculation
of derivatives to a spline fit, or it could be due to slight differences in the properties of real and
idealized noise.

The grid spacing in the legacy ATOCA implementation is larger than the width of the dis-
tribution of best-fit factors shown in Figure 3 even when performed integration-by-integration.
The best-fit factor also uses a somewhat arbitrary threshold on dχ2/d logα to determine the best
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Tikhonov factor. For these reasons, it is very unlikely that the results would improve from separate
tunings of the Tikhonov factor integration-by-integration.

Finally, we verify the insensitivity of our results to differences in the Tikhonov factor like
those shown in Figure 3. The first integration in our sequence has a best-fit Tikhonov factor of
2.97×10−13 for Orders 1+2, larger than 90% of all integrations. With our default random number
generator seed, we obtain a best-fit Tikhonov factor of 2.23 × 10−13 for our revised ATOCA
implementation. The difference between these two values is ≈twice the difference between the
centers of the distributions. We then reprocess the entire sequence of integrations with these
Tikhonov factors and analyze the results as in Figure 1.

Figure 4 shows our results. As in Figure 1, the mean difference mainly shows the impact of
imputed data apart from the red half of Order 2. The median difference largely tells the same
story as in Figure 1, but with larger excursions from zero at a few wavelengths in the red half
of Order 2. These remain at a level ≈0.1% of the peak value of this spectrum, and ≲1% of the
uncertainties. The typical impact will be smaller than this due to the lower average discrepancy
between the two distributions shown in Figure 3, and it will be stochastic.

6.4 The Wavelength Grid

Finally, we check the effects of changing the minimum wavelength spacing on the results. We show
the difference between extracted spectra with and without applying a limit on the wavelength
resolution as discussed in Section 5. Figure 5 shows these differences in spectra extracted from the
same file as that used for Figures 1 and 4. The differences are barely visible even when inflated by
a factor of 1000, and are negligible for the purposes of science.

7 Implementation and Performance

Many of the changes summarized in this Technical Report are designed to offer performance
improvements over the legacy ATOCA implementation. In this section we review the performance
improvements on JWST Programs 1091 and 2734 in the extract_1d step of the calwebb_spec2
pipeline. Program 1091, PI Andre Martel, was a calibration program using the A-type star BD+60
1753.

The primary performance improvement comes from the re-use of precomputed matrices. There
is overhead associated with these computations, about a minute on a 2023 Macbook Pro. However,
the cost of processing an individual integration on the same machine drops from about 20 seconds
in JWST build 1.20.0 to about 500 ms with the new implementation. The computational cost of
the initial Tikhonov factor optimization also drops by a factor of 2-20 depending on the details of
the wavelength grid as discussed in the previous section. The net result for the first segment of
the Program 2734 dataset is a decrease in runtime from about 30 minutes to slightly more than 2
minutes.

A few other pipeline changes modestly improve runtime between pipeline versions 1.20.0 and
1.21.0. The model spectral trace positions and their corresponding wavelength values based on
reference information [i.e., PASTASOSS Baines et al., 2023a,b] and the spectral resolution kernel
κ(λ̄, λ) are both identical integration-by-integration. The legacy software repeats these calcula-
tions every integration; they are now pre-computed alongside the other pre-computed matrices.
The reconstruction of decontaminated spectra from trial Tikhonov factors, which is not necessary
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Figure 4: Similar to Figure 1, but without fixing the Tikhonov factors to match between the two
ATOCA reductions. The Tikhonov factor for Orders 1+2 derived from the legacy approach is
2.97× 10−13, about twice as discrepant from the 2.23× 10−13 of our revised approach as the factor
would be from an average integration (c.f. Figure 3. Despite this, median differences are very small,
with the largest deviations appearing at a few wavelengths in the part of Order 2 that overlaps
Order 1.
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Figure 5: Differences in the extracted spectra, similar to Figure 1, but with and without imposing a
resolution limit on the wavelength grid as discussed in Section 5. The mean and median differences
are nearly identical; only the median is shown. The differences between the extracted spectra are
negligible.
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Figure 6: Performance of the legacy (blue) vs. revised (orange) ATOCA implementations on the
JWST pipeline step calwebb_spec2 for segments from JWST programs 1091 and 2734. The revised
implementation has a ≈1–2 minute initial cost but then takes just ≈0.5 seconds per integration.
Speedups for datasets with many integrations can be as high as a factor of ≈30.

to determine the best factor, is now only carried out if intermediate diagnostic products are re-
quested. While none of these changes affect the numerical results of the step, they contribute to
the performance improvements discussed here.

Figure 6 shows the performance of our new implementation on several segments from JWST
programs 1091 and 2734 with up to 190 integrations per file. The performance is measured for
spectral extraction, calwebb_spec2. The revised implementation has a significantly smaller over-
head from Tikhonov optimization. Combined with matrix construction and multiplication and
matrix inversion, ATOCA overheads now total ≈1–2 minutes on the 2023 Macbook Pro used for
testing. After the initial Tikhonov optimization and matrix calculations, the subsequent cost per
integration is ≈0.5 seconds.

The legacy algorithm has significantly variable overheads for the Tikhonov optimization and a
range of time costs per integration. This is due to the use of sparse matrix solvers throughout whose
performance depends on the details of the matrices, and in particular, their local denseness due to
occasionally extreme oversampling in the wavelength grid. This apparently stochastic variation is
the cause of the differing slopes of the blue lines in Figure 6.

Our revised ATOCA implementation has a cost that is relatively insensitive to dataset or to
the number of integrations. For the five segments of Program 1091 and the three segments of
Program 2734, with 68 to 190 integrations, run times of calwebb_spec2 range from 2.1 minutes to
3.3 minutes. This represents a runtime improvement factor ranging from 15 to 30 over the legacy
ATOCA implementation in JWST pipeline version 1.20.0.
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8 Conclusions

This Technical Report has summarized a new implementation of the ATOCA algorithm to extract
one-dimensional spectra from NIRISS/SOSS data. The new implementation offers substantial
performance improvements while changing the data little. Some of the changes, e.g. from a slightly
different regularization factor, are stochastic and unlikely to affect data quality. Others, such as
the imputation of missing data rather than assuming those data to be zero, are likely to improve
data quality. The revised approach also largely avoids a slight bias in the modeled spectrum due
to covariance between the realization of photon noise and the inferred value of photon noise. All
quantitative changes in the extracted spectra, other than from the effects of invalid data, are ≲1%
of the uncertainty.

The changes summarized here have been implemented in the JWST pipeline as of Version
1.21.0. Future work could further develop data imputation for static bad pixels, e.g., using the
model derived by the ATOCA algorithm.
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