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The Antarctic ozone “hole” was discovered in 1985', and man-made ozone-depleting
substances (ODS) are its primary cause’. Following reductions of ODSs under the Montreal
Protocol’, signs of ozone recovery have been reported, based largely on observations and

broad yet compelling model-data comparisons*. While such approaches are highly
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valuable, they don't provide rigorous statistical detection of the temporal and spatial
structure of Antarctic ozone recovery in the presence of internal climate variability. Here,
we apply pattern-based detection and attribution methods as employed in climate change
studies®!! to separate anthropogenically forced ozone responses from internal variability,
relying on trend pattern information as a function of month and height. The analysis uses
satellite observations together with single-model and multi-model ensemble simulations to
identify and quantify the month-height Antarctic ozone recovery “fingerprint”!2. We
demonstrate that the data and simulations show compelling agreement in the fingerprint
pattern of the ozone response to decreasing ODSs since 2005. We also show that ODS
forcing has enhanced ozone internal variability during the austral spring, influencing
detection of forced responses and their time of emergence. Our results provide robust
statistical and physical evidence that actions taken under the Montreal Protocol to reduce
ODS:s are indeed resulting in the beginning of Antarctic ozone recovery, defined as

increases in ozone consistent with expected month-height patterns.

Despite the decline in ozone-depleting substances (ODS)?, the continuing occurrence of large
Antarctic ozone “holes” in recent years — partly due to the 2020 Australian wildfire!3-!> and 2022

Hunga volcanic eruption!'®-1?

— along with concerns about a significant decrease in October mid-
stratospheric 0zone?’, have stimulated discussion about the detectability of a robust signal in

Antarctic ozone recovery. Formal detection and attribution (D&A) methods are needed to assess

the effectiveness of the Montreal Protocol.
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Initial-condition large ensembles (LEs) generated with fully coupled global climate models offer
a unique opportunity to “fingerprint” the anthropogenic influence. They provide valuable
information on both natural internal variability and the characteristic space and time signatures
of the climate responses to different external forcings®~!2. Such ensembles are rarely used in
ozone studies, which generally apply multiple linear regression to isolate underlying forced
trends by fitting ozone time series to known sources of variability (such as the solar cycle, El
Nifio-Southern Oscillation, Quasi-Biennial Oscillation, volcanic activities, etc.)*?!. In contrast,
LEs do not require the assumption that the response is a linear combination of independent
predictor variables??. Although some D&A methods have been applied to global ozone depletion

and the time of emergence of total column recovery using multi-model ensembles?32°

, previous
studies have not fully utilized the pattern-based D&A techniques. Furthermore, multiple
members from a single-model that is well-evaluated and realistic can reliably quantify modeled
forced signals and intrinsic variability, whereas one run from each of a multi-model ensemble
samples larger cross-model differences in forcing, response, and variability?®, thus hampering the

identification of the beginning of ozone recovery?3*,

Observed and model-simulated ozone trends

We compare observed and simulated month-height trend patterns over 2005 to 2018 for Antarctic
ozone, spatially averaged over 66°-82°S (Figure 1). Observations are from MLS?’ (Microwave
Limb Sounder). Model results are from two different sources: 1) the multi-model ensemble mean
computed using one run of each of the 19 models that participated in the CCMI-1%® (phase 1 of
the Chemistry—Climate Model Initiative); and 2) the single-model ensemble of 10 different

realizations of CESM-WACCM?*? (Community Earth System Model-Whole Atmosphere
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Community Climate Model; referred to as WACCM for short). The WACCM (and some models
in the CCMI) ensemble comprises free-running coupled ocean-atmosphere simulations forced by
time-evolving changes in greenhouse gases (GHG) and ODS, referred to as the “refC2” scenario
(described in detail in the Methods section). We mainly focus on ozone trends from 2005 to 2018
(results covering longer periods are also considered below) to avoid recent exceptional events
that are not represented in these models, including the 2019 sudden stratospheric warming?!
(SSW) and post-2020 wildfire and volcanic eruption mentioned earlier (note that the 2015
Calbuco eruption® is also not generally simulated in these models but is included in our trend
analysis). Time series used for calculating trends are presented for illustration for four selected
months and heights in Figure 1a,b,f,g; the expected post-2018 differences between observations

and simulations are marked with dashed lines (in later figures as well).

Compared to the single real-world realization provided by MLS, the modeled mean trends in
WACCM and CCMI have smaller amplitudes (Figure 1c,d,e). This is partly due to the fact that
the model ensemble means are averages over many different realizations with varying phasing of
internal variability (which is uncorrelated, except by chance) superimposed on the forced
response. For comparison, Extended Data Figure 1 shows the ozone trends in 2005-2018 from
individual WACCM realizations and CCMI model runs. Some individual members display
month-height trend patterns that are more similar to MLS while others are less similar, reflecting
differences in the phasing of internal variability. Nonetheless, nearly all realizations preserve

some common features, reflecting the “fingerprint” of GHG and ODS forcings on ozone trends.
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Increases in lower stratospheric ozone (at altitudes below the pressure level of ~30 hPa) during
the austral spring are mainly due to the reduction in ODS concentrations?, leading to less
heterogeneous ozone loss?. The seasonal signature of the ozone hole in August-December is
apparent in this region. Increases in upper stratospheric ozone (above ~10 hPa) are partly due to
cooling caused by increasing GHGs (mainly CO,)* and its effect on temperature-dependent
ozone photochemistry3*. They are also partly due to less reactive chlorine, through its effect on
the C10+O reaction that peaks near 40 km?*> (see Extended Data Figure 2). In the descending
circulation of the polar winter, the increased ozone in the upper stratosphere propagates down to
the mid-stratosphere. This combined month- and height-resolved pattern characterizes the
“fingerprint” of GHG and ODS forcings on Antarctic ozone changes. In this study, we define
ozone recovery as statistically significant increases in ozone that display these characteristic

time-space fingerprints.

Noise of ozone variability and ODS forcing

Signal-to-noise analyses in D&A climate studies typically use natural internal variability
(“noise”) estimated from long pre-industrial control runs>!'!. We rely on several noise estimates
here from different WACCM scenarios (described in detail in the Methods section). Figure 2a,b
show the month-height patterns of noise, defined as the standard deviations of ozone trends in
the two separate 10-member WACCM historical and refC2 ensembles (after first removing the
mean forced response). Although generated with the same physical climate model, the magnitude
of noise trends in the historical and refC2 simulations exhibits notable differences. This is
especially important in the austral spring in the lower stratosphere where the ozone “hole”

typically occurs. The historical scenario has low GHGs and low ODSs, representing atmospheric
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conditions prior to the onset of large ozone losses in the 1980s. The refC2 scenario has high
GHGs and high ODSs comparable to present-day conditions. This indicates that the forcing
differences in the two scenarios directly affect internal noise. It is important to account for forced
changes in variability when examining ozone recovery — the estimated statistical significance of

the observed trends can be affected by changes in noise amplitude.

There is a striking enhancement in ozone variability under the present-day high ODS conditions
in austral spring in the lower stratosphere (marked with the white dashed boxes in Figure 2a,b);
the standard deviations in refC2 and f{GHG scenarios (low GHG but high ODS) are both
increased by ~130% compared to the historical scenario. GHG forcing alone (the fODS scenario,
with low ODS but high GHG) yields a narrow spread in ozone variability similar to the historical
case, confirming that the variability enhancement is primarily driven by ODS forcing. Such
enhancement occurs because chemical ozone loss due to ODS acts in the same direction as the
natural variations in ozone arising from Brewer-Dobson circulation (BDC) variability. For
example, a weak BDC associated with negative ozone and negative temperature anomalies
favors more heterogeneous ozone loss in the presence of high ODS, extending the lower tail of

the distribution of absolute ozone concentration® (Figure 2d) and broadening ozone variability.

For accurate analysis of the statistical significance of ozone changes, it is critical that the model-
based noise is realistic. Figure 2¢ shows the distributions of monthly-mean ozone anomalies
from MLS and WACCM (after first removing the mean forced response) relative to the present-
day MLS climatology, in the region highlighted by the white dashed boxes in Figure 2a,b. The

same data are displayed in Figure 2d in terms of absolute ozone mixing ratios. The distributions
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of ozone internal variability in MLS and in the refC2 scenario are virtually identical, suggesting

the refC2 noise provides a credible estimate of the real-world internal variability.

Signal-to-noise analysis of ozone changes
Here we use model-simulated internal variability noise to assess whether the forced ozone
response has emerged. This assessment is performed for individual months and heights (“local”

analysis) and for the “overall” month-height pattern.

Figure 3d displays the local signal to noise (S/N) ratio inferred from WACCM for a trend length
of 14 years (2005 to 2018). It represents the local signal in WACCM ensemble mean (Figure 1d)
divided by the local noise in the WACCM refC2 run (Figure 2b). In Figure 3c, the mean forced
signal from WACCM is replaced by the MLS observed trend, which contains both the forced
response and internal variability. A larger local S/N ratio indicates increased likelihood that the
ozone trend is anthropogenically forced. Based on the WACCM S/N for the refC2 scenario, the
beginning of ozone recovery (as a forced response to combined GHG and ODS forcing) can be
detected with high confidence by 2018 in certain months and heights. In the upper stratosphere,
recovery is significantly larger than internal variability in every month except during winter,
when it propagates to the middle stratosphere due to polar descent. There is also a relative
maximum in local S/N in September in the lower stratosphere in MLS and in the WACCM
ensemble mean. The overall pattern of local S/N is similar in CCMI, but statistical significance is
lower in several key regions (Extended Data Figure 4). This is expected given that the multi-
model CCMI noise does not reflect intrinsic variability alone and is larger than in the WACCM

single model.
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To explore the impact of the post-2018 exceptional events, we performed a local S/N analysis
over a longer period (2005-2023; see Extended Data Figure 5). The month-height local S/N
pattern over 2005-2023 shows many features similar to those in Figures 3c,d, but also
pronounced differences between WACCM and MLS, especially in the mid-stratosphere in

15,16,32

October-December. LEs that account for the exceptional forcings , would be expected to

provide better agreement with the observed ozone trends.

We also performed a S/N analysis using the overall month-height fingerprint pattern of Antarctic
ozone trends since 2005 (see Figure 4). The element-wise covariance between the observed trend
pattern (Figure 1c¢) and model ensemble-mean forced response (Figure 1d,e), at varying trend
lengths, is divided by the spread of the covariance between individual noise patterns and the
ensemble-mean responses (see the Methods section). Our results indicate that for the period
2005-2018, the observed time-space structure of ozone changes over Antarctica is consistent
with time-evolving ODS and GHG forcing. The observed changes during this period are
inconsistent with natural internal variability alone (at the 5% significance level for the observed
MLS pattern projected on both WACCM and on CCMI month-height fingerprints). Although the
exceptional years in and after 2020 lower the overall S/N, MLS trends projected on WACCM
results (which neglect these events), nonetheless remain significant at the 10% significance level

as late as the end of 2023.

We also project the observed pattern onto the GHG-only and ODS-only runs from WACCM.

Despite the fact that ozone has a nonlinear response to the coupled GHG and ODS forcing in the
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upper stratosphere’, the linear addition in the covariance between MLS and the separate GHG
and ODS fingerprints is close to the coupled GHG+ODS results for the entire month-height
domain in our analysis (see Figure 4). This linear additivity enables us to estimate the relative
contributions of GHG and ODS forcings in explaining the pattern similarity between
observations and the coupled GHG+ODS fingerprint. The higher S/N values for the MLS trends
projected onto the ODS fingerprint compared to the GHG fingerprint suggest that the observed
pattern is dominated by the forced response to decreasing ODS concentrations. Compared to
GHG, ODS-only forcing explains greater than 50% more pattern covariance with MLS after
2014 (also visually illustrated in Extended Data Figure 2). Indeed, the contribution of ODS-only
forcing to the observed pattern in explaining the coupled GHG+ODS fingerprint differs
significantly from internal variability noise at the 10% (and in some years 5%) significance level

after 2014.

Antarctic springtime total ozone recovery

Signs of total column ozone recovery are often sought during the Antarctic spring®, the season
when the ozone hole maximizes in depth and extent. In September, the emergence of ozone
recovery occurs around 2018 both in terms of ozone at a single illustrative level (82.5 hPa) in
Figure 3e and in terms of the total column ozone (TCO) in Extended Data Figure 6a, where the
observed TCO is from the OMI?’ (Ozone Monitoring Instrument). Even with exceptionally low
ozone in and after 2020, the total ozone healing signal from the satellite data is still significantly

outside of the internal variability noise (at the 10% level) in September.
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A recent study raises the concern that October ozone in the mid-stratosphere has significantly
decreased?’. However, this time and location is subject to only a small healing signal and
displays substantial internal variability (see Figure 3d,f), implying that trends with weak
statistical significance here may well be spurious. Further, we note that because low ozone
concentrations are mainly confined within the polar vortex?®, vortex variations (e.g., changes in
size, shape, and position) can contribute to ozone internal variability when concentrations are
spatially averaged over a fixed latitude range. This is especially important for months and heights
when the vortex is often asymmetric (e.g., October in the mid-stratosphere). For example, maps
of ozone anomalies and vortex locations in October at 12.1 hPa (where a strong ozone decrease
was reported in a recent study?’) in Extended Data Figure 7 illustrate how a shift of the vortex off
the pole affects how it is sampled when using spatial averages calculated with fixed latitudinal
boundaries (e.g., for a simple comparison with satellite coverage). The reported large negative
ozone trend in October in the mid-stratosphere?’ is significantly reduced when considering the

vortex averaged ozone (see Extended Data Figure 8).

The emergence of column ozone recovery in October and November due to combined ODS and
GHG forcing (based on the WACCM ensemble mean signal) had been expected around 2021
under typical conditions (Extended Data Figure 6b,c). However, the unusually low ozone years
in and after 2020 may have delayed detection in the observations. This underscores the
importance of maintaining a long observation record to ensure high confidence in detecting and

attributing future ozone changes at this time of year.

Summary and outlook

10
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We performed a pattern-based fingerprint analysis for Antarctic ozone recovery, analogous to
fingerprinting anthropogenic climate change®~'2. Our S/N results for local and overall pattern
similarity between MLS and single-model or multi-model ensembles provide high confidence
that observed Antarctic ozone trends are primarily responses to ODS forcing rather than natural

variability.

Further, we have shown that the amplitude of lower stratospheric ozone variability is markedly
enhanced in a present-day simulation relative to the amplitude of ozone variability in a “pre-
ozone depletion” simulation. It is crucial to consider this modulation of internal variability when
evaluating the statistical significance of ozone trends. Additionally, this enhancement in ozone
variability due to ODS forcings sheds light on a potential pathway for external forcing to

modulate specific modes of natural internal variability, such as the Southern Annular Mode*’.

A significant ODS-driven signal of local ozone recovery in October and November has yet to
emerge in the observations, likely due to the exceptionally low ozone years in and after 2020.
These low ozone years are at least partly due to known volcanic and wildfire forcings not
included in the available simulations. While October ozone exhibits a decreasing trend in the
middle stratosphere?’, this negative trend is notably mitigated by adopting a different coordinate

system that accounts for vortex variations.

Some caveats of the current analysis should be noted. Only one model with 10 members is

examined in detail in this work. To improve confidence in the detection and attribution of forced

responses versus natural variability in future ozone recovery assessments, it would be beneficial

11
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to use larger initial condition ensembles from multiple single models rather than relying on
single realizations from many different models!!?>?4, The forced response in this study considers
GHG and ODS only, and does not include known forcings from important volcanoes and major
wildfires after 2012; future ensemble runs including these forcings would likely improve

consistency of the simulated and observed ozone changes. The projected long-lasting

18,40 41,42

stratospheric water vapor from the Hunga eruption'®*" or future volcanic or wildfire forcing
could reduce the future ozone recovery signal. Indeed, even the large S/N ratio we now see in the

upper stratosphere could be temporarily obscured by uncertainties in future GHG emissions*?

and solar proton events*.

Our work shows how fingerprinting and pattern similarity establish quantitative confidence that
Antarctic ozone recovery has begun. It also indicates why it is crucial to maintain global height-
resolved observations over extended periods to identify signal patterns that emerge from
background noise, raising concerns about the impending satellite data gap in stratospheric
measurements®. A long observational record can ensure that estimated S/N ratios are less
sensitive to short-term episodic perturbations, thereby providing high confidence in detecting and

attributing trends°.
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Figure 1. Month-height patterns of ozone trends in observations and simulations. The
middle row shows the least-squares linear trends in ozone over 2005-2018 as a function of month
and pressure in the MLS observations (c¢), the WACCM 10-member ensemble mean (d), and the
CCMI 19-model ensemble mean (e). Results are for spatial averages over 66°-82°S. We also
show the time series of ozone anomalies (relative to the 2005-2018 mean) at four illustrative
locations (indicated by different markers on the contour figures) in February at 1.8 hPa (a), June
at 10 hPa (b), September at 82.5 hPa (f), and October at 12.1 hPa (g). Thick blue and red lines
are the model ensemble means, while the thin lines are the ozone time series in individual model
realizations. The black solid line is from MLS. Time series after 2018 are shown as dashed lines
because of likely impacts of exceptional perturbations from the 2019 SSW, 2020 Australian

wildfire, and 2022 Hunga eruption.
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Figure 2. Ozone variability modulated by external forcing. Panels a, b show the month-
height patterns of the standard deviation of ozone trends (averaged over 66°-82°S) in the
WACCM historical and refC2 scenarios, after first removing the ensemble mean. The standard
deviation is a measure of the trend uncertainty arising from internal variability among the 10
WACCM ensemble members. Both scenarios have the same trend length of 14 years: the
historical scenario analysis period is from 1955 to 1968 and the refC2 analysis period is from
2005-2018. Panel ¢ shows (for the white dashed box in the top panels), the residual internal
variability in WACCM and MLS ozone after first removing the mean forced response of
monthly-mean ozone. Results are expressed as percent changes relative to the MLS annual-mean
climatology. The thick lines are the Gaussian fits to the distributions. Panel d displays the same
data shown in panel ¢, but in terms of the absolute monthly ozone mixing ratios. The number of
data points in each distribution is indicated in the legend. A similar figure for CCMI models is
shown in Extended Data Figure 3; while the noise pattern is qualitatively similar to that of
WACCM, the CCMI multi-model ensemble also reflects different model responses to forcing

which can inflate noise compared to a single-model ensemble.
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408  Figure 3. The local signal-to-noise pattern of ozone changes. The middle panels show the
409  month-height patterns of the observed ozone trends in MLS (¢) and the WACCM 10-member
410  ensemble mean refC2 ozone trends (d) divided by the internal variability noise in refC2 trends
411 (which are given in Figure 2b). Results are for trends over 2005-2018; Extended Data Figure 5
412  similarly displays local S/N for trends calculated over 2005-2023. Hatched regions indicate that
413  the local trend is significantly outside the noise at the 5% (backslashes) and 10% (dots) levels.
414  The top and bottom rows (panels a, b, e, ) provide the local signal and noise as a function of
415  trend length at the same four illustrative months/heights shown in Figure 1. The thin gray lines
416  are the trends due to internal variability in each model realization, and the gray shading indicates
417  the 95% range of the realization spread. Thick lines are the trends from MLS (black) and the
418 WACCM ensemble mean (red). The error bars on the red line indicate +1 standard deviation in
419  the 10-member ensemble.
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Figure 4. Signal-to-noise characteristics for the overall month-height fingerprint pattern.
The numerator of the S/N ratio is the element-wise covariance in the overall month-height ozone
trend patterns between MLS and the ensemble means of the coupled GHG+ODS runs from
WACCM (red) or CCMI (blue), calculated at trend lengths ranging from 5 to 19 years. The
denominator of the ratio is the standard deviation of the element-wise covariance computed
between individual noise patterns and the ensemble mean responses. The observed MLS ozone
trend pattern is also projected onto the ODS-only and GHG-only fingerprints from WACCM,
shown in yellow and dark green lines, respectively (a linear addition of these two separate
forcing results is shown in the mauve line). An overall S/N value above the gray dashed or dash-
dotted lines indicates that the similarity between the observed month-height pattern and the
model-predicted forced response pattern (to GHG, ODS, or combined GHG+ODS changes) is
significant at the 5% or 10% level and is therefore unlikely to be explained by internal variability

alone.
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Methods

Satellite data

MLS provides daily observations since August 2004, and the data has been extensively
validated*®*’. Here we use MLS version 5 monthly-mean level 3 ozone mixing ratios on pressure
coordinates from 100 hPa to 1 hPa. The level 3 product covers latitudes from 82°S to 82°N,
using a 4° latitude bin. Ozone is averaged over 66°-82°S in this paper, weighted by cosine
latitude to account for the reduction in area further poleward. We use the monthly-mean values
starting from 2005 (excluding the latter half of 2004) so that every month in the trend analysis

has the same number of time samples.

Satellite TCO observations are from the OMI®’ version 3 daily level 3 product, which is onboard
the same satellite as MLS. TCO from OMI is also averaged by month starting from 2005 and in

the latitude range from 66°-82°S (weighted by cosine latitude).

Model and scenario descriptions
A total of 19 different models participated in the CCMI-1, with a total of 33 realizations for the

2328 This scenario characterizes ODS emissions following WMO (2011)*, and

refC2 scenario
other GHG emissions following RCP6.0* from 1960 to 2100. To prevent biasing towards

models with more ensemble members, we only use the first realization from each model.

We also used the fully coupled CESM1-WACCM42% in this analysis, which incorporates

coupled ocean-atmosphere processes with interactive chemistry. Our primary focus is on a 10-

member WACCM initial condition ensemble generated with the same refC2 scenario employed
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by the CCMI-1 models. In addition to refC2, we consider three other WACCM initial condition
ensembles, referred to as fODS, f{GHG, and historical. fODS (also referred to as the GHG-only
runs) fixes ODS forcing at the 1960 level, while GHG concentrations evolve as in the refC2 runs.
Alternately, f{GHG (or ODS-only runs) fixes GHG concentrations in 1960, while ODS levels
evolve as in refC2 runs. The historical scenario involves temporal changes in both GHG and
ODS from 1955 to 1979°°. The CCMI and WACCM simulations are vertically interpolated to
MLS pressure levels (linear interpolation in log pressure), and are also averaged over 66°-82°S

and cosine-weighted for consistency with MLS.

Although the WACCM runs analyzed here are less than 30 years in length (from 1995 to 2024
for refC2, fODS, and f{GHG, and from 1955 to 1979 for the historical scenario), an advantage of
the set of simulations is that each scenario has 10 realizations that are slightly perturbed in their
initial conditions>!. This facilitates reliable estimation of both the underlying forced response (the
ensemble-mean) and internal variability. In contrast, multi-model ensembles convolve internal
variability estimates with inter-model differences or errors in forced responses, and/or with

model differences in the amplitude and patterns of internal variability?®->1-52

. For example, not all
of the 19 CCMI models are fully coupled to an interactive ocean?®, likely introducing large cross-

model differences in forced responses and natural variability.

As shown here, the WACCM historical and refC2 initial condition ensembles can also be used to
explore whether external forcing modulates internal variability — a key issue in signal detection.
Relative to multiple linear regression approaches for estimating the anthropogenic component of

ozone trends, using the WACCM fully-coupled chemistry climate model has the advantage that
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no prior assumptions are required regarding the relationships between different predictor
variables (such as the El Nifio-Southern Oscillation, Southern Annual Mode, Quasi-Biennial
Oscillation, solar cycle, etc.). As in the real world, nonlinear interactions between ozone and

climate internal variability can be present in the model simulations.

Although large initial condition ensembles from multiple single-models are preferred for
analyzing the interactions between atmospheric chemistry and natural internal variability, the
high computational cost may be a barrier to generating such ensembles, at least for some

models?®.

Signal and noise definition and uncertainty estimation

The “local” signal and noise denotes an analysis at individual months and heights. We define the
local signal as the linear trend in ozone (starting in 2005, ending years can vary from 2009 to
2023) at each month and pressure level, derived from a linear fit to ensemble-mean ozone data
from forced model simulations. To calculate the “local” noise, we first subtract the ensemble-
mean ozone time series from each individual model realization; the resulting residuals then
characterize the internal variability?®. Noise is defined as the standard deviation of the ozone
trends (with the same trend length as the signal) in these residuals. The noise represents the
spread in ozone trends that is primarily due to internal variability. Both the local signal and the
local noise have units of ppm/decade (parts per million by volume per decade). The statistical
significance of ozone trends is determined by the local signal-to-noise ratio, S/N. For two-tailed

tests, a 5% (10%) significance level is associated with local S/N values larger than 1.96 (1.645).
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In addition to the local S/N analysis at individual months and heights, we also applied a
conventional “fingerprint” method? to the overall simulated and observed month-height patterns
of ozone changes. The key point here is that the entire month-height pattern is employed to
distinguish a forced response from internal variability. The overall signal is the element-wise
uncentered covariance between the month-height ozone trend patterns in MLS (e.g., Figure 1c)
and in the WACCM ensemble-mean (e.g., Figure 1d), or between the trend pattern in MLS and
the CCMI multi-model mean (e.g., Figure 1e), at varying trend lengths. This is essentially
equivalent to projecting the observed month- and height-resolved trend pattern onto the forced
response’. The overall noise is the standard deviation in the similarly computed uncentered
covariance but between internal variability in individual realizations (obtained from the different
panels in Extended Data Figure 1 after removing the ensemble mean) and the mean forced
response. Fingerprinting is performed over the same space-time ranges used in the local S/N
analysis: i.e., using spatially averaged ozone changes between 66°-82°S at altitudes from 100
hPa to 1 hPa and in the 12 months from January through December. The increase in the overall
S/N in Figure 4 with increasing trend length suggests that the observed overall month-height

ozone change pattern is unlikely to be explained by internal variability alone.

Vortex coverage and vortex averaged ozone calculation

Vortex coverage (shown as the dots in Extended Data Figure 7) and vortex averaged ozone (red
lines in Extended Data Figure 8) are obtained from MLS daily level 2 and the derived
meteorological products®*~>°> (DMPs). The DMPs are calculated from the NASA GMAO (Global
Modeling and Assimilation Office) using meteorology from MERRA-2 (Modern-Era

Retrospective analysis for Research and Applications, Version 2) and are interpolated to the same
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time and location as MLS level 2 products. Vortex edge in MLS is determined by a height-
dependent sPV (scaled potential vorticity) threshold>® on potential temperature (theta) surfaces.
For consistency with our other results shown in pressure levels, we vertically interpolated this
sPV threshold from theta level to pressure level (linear interpolation from log theta to log
pressure) and applied it to the daily level 2 ozone from MLS and daily level 2 sPV from DMP.
The monthly mean polar vortex coverage at each grid point on the MLS level 3 grid (with 4°x5°
horizontal resolution) is averaged using daily vortex coverage, defined as the fraction of sPV in
each grid box that meets the vortex threshold® against the total number of MLS overpasses in
that grid box every day. Similarly, for vortex averaged ozone, we only average MLS level 2
observed ozone (weighted by cosine latitude) when its associated sPV (from the DMP) meets the

vortex threshold>® on a daily-basis in each grid box for every month.

Data availability

MLS and OMI satellite data are publicly available at https://disc.gsfc.nasa.gov. CCMI model

outputs are available at https://archive.ceda.ac.uk, and the CESM model outputs are available at

https://www.earthsystemgrid.org. All the pre-processed model data (e.g., monthly mean ozone

averaged over 66°-82°S from CCMI and WACCM and interpolated onto MLS vertical

coordinates) are available at Zenodo (https://doi.org/10.5281/zenodo.14497873)%".

Code availability

The code used to generate all the figures in this analysis is available at Zenodo

(https://doi.org/10.5281/zenodo.14497873)%7.
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Extended Data Figure 1. Variability superimposed on external forcing. Ozone trends from

2005-2018 in individual WACCM realizations (top two rows, with the realization number

indicated in each panel’s title) and in individual models from CCMI-1 (last four rows, with

model names indicated in each panel’s title) under the refC2 scenario. The MLS observed trend

is shown in the bottom right panel.
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617  Extended Data Figure 2. Ozone trends due to different forcings. Ensemble-mean ozone
618  trends (2005-2018) averaged over 10 WACCM members for each scenario. Results indicate the
619  forced responses in ozone due to: a combined time-evolving GHG and ODS forcing (refC2), b
620 evolving GHG forcing only (fODS); and ¢ evolving ODS forcing only (fGHG). A detailed

621  description of each scenario is given in the Methods section. The observed ozone trend from
622  MLS in 2005-2018 is also shown in panel d for visual comparison with forced ozone trends due

623  to different forcings.
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Extended Data Figure 3. Ozone variability modulated by external forcing. Similar to Figure
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Methods section). This convolving of internal variability with model differences and errors
contributes to the larger noise in panel a compared to the noise derived from the WACCM

single-model refC2 ensemble in Figure 2b.
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Extended Data Figure 4. The local signal-to-noise characteristics of ozone changes. Similar

to Figure 3 but with results for the CCMI models.
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Extended Data Figure 5. The local signal-to-noise pattern of ozone changes. Similar to
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Figure 3 but for signal and noise estimates based on ozone trends over 2005-2023 (rather than

over 2005-2018). There is a significant decrease in MLS ozone in October and November in the

middle stratosphere, and in January through May in the lowermost stratosphere. This raises the

question of whether these two features may be linked. The bottom panel shows the timeseries of

ozone mixing ratios from MLS in October at 12.1 hPa (blue) and in February at 82.5 hPa

(orange). The decrease in February at 82.5 hPa is mainly due to continued low ozone after 2021

(panel ¢), which lags the behavior in October by about a season, suggesting that they may be

linked.
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647 Extended Data Figure 6. Time of emergence of springtime total column ozone recovery.
648  Similar to the top and bottom panels in Figure 3, except the trends are the TCO from WACCM
649 and OML

650
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Extended Data Figure 7. Map of MLS ozone anomalies and polar vortex in October at 12.1
hPa. The color shadings indicate the ozone anomaly relative to the zonal mean in 2005-2018.
Because the location of the polar vortex can vary considerably over time, dotted markers indicate
that the polar vortex has occupied a given grid box for more than 25% of the time in that month.

Black dashed lines encompass the area between latitudes 66°-82°S.
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Extended Data Figure 8. MLS springtime ozone trends (2005-2018) using fixed latitude

averages versus vortex averages. Monthly mean ozone trends in September, October, and

November from 2005 to 2018 are shown as blue lines (where ozone is averaged across fixed

latitudes between 66°-82°S) and red lines (where ozone is averaged inside the polar vortex) at

different pressure levels. A detailed description of the vortex calculation is provided in the

Methods section. Dots and crosses indicate trends significant at the 5% and 10% levels,

respectively. Note that the statistical confidence in this figure is based solely on p-values from

linear regression. It does not rely on internal variability noise generated by WACCM or the

CCMI models, as shown in other figures.
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