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Abstract.

the chemical-dynamical interactions controlling ozone (Os3) variability using-a-in the tropical middle stratosphere is essential

for interpreting short-term trends and their sensitivity to dynamical fluctuations. This study applies a process-oriented causal
inference framework that combines causal discovery with-and causal effect estimation. This approach integrates qualita-

tive physical knowledge through a causal graph applied to satellite observations and a chemistry-transport model (CTM)
simulation: - i

29&—%%8—%%&%%%@@%&%@% using monthly data for the period 2004-2021. Causal in-

ference i

robustly identifies a dominant chemical 20+
mmmmm%m%
modulates nitrous oxide (N2Oto), subsequently affecting nitrogen dioxide (NOsemerged;-while in-2612-20+8 this shifted to-a
one-month-lag—This slower response redueed NO) and ultimately Og. Direct causal effect estimates capture that O variability.
is dominated by this indirect NO> i ~mediated pathway, while the direct influence of w” on O3 is weak The total
causal effect (direct and mediated) peaks at a lag of approximately two-three months, indicating that the response develops
Wﬁmasﬂwwﬁ\%mwmmwmo eﬂdaﬂeﬂ—lﬁnﬁmg—@ﬁess—%fhe%ﬂm%yﬁeeyelﬁﬁmef

and NO>—Q3) strengthen during westerly QBO shear compared to easterly shear.



20 Our study highlights the pivotal role that causal inference can play in disentangling complex chemical-dynamical influ-
ences on O3, complementing traditional statistical methods. This approach lays the foundation for broader applications in
stratospheric chemistry, where many-refationsremain-the understanding of various feedback pathways remains uncertain. By
discovering and quantifying causal links, this methodology addresses-can be adapted to address open questions with environ-
mental and societal relevance. Therefore, integrating causal reasoning into data-driven science enhances process understanding

25 and also strengthens the synergy between machine learning and statistical methods in Earth and environmental sciences.

1 Introduction

Stratospheric ozone (O3) is essential for protecting life on Earth by absorbing most of the harmful solar ultraviolet (UV-B)
radiation (280-315 nm). The tropical middle-stratosphere-(10°S—10°N) middle stratosphere (~10 hPa) is a key region for the
photochemical formation of O3 (Chapman, 1930). A balance between photochemical production and loss mainly determines
30 the overall abundance of stratospheric O3. Meanwhile, its global distribution and inter-annual changes are mainly determined
by dynamical and chemical processes in conjunction with their superimposed variability of different origins and periodicity,
such as Brewer—Dobson circulation (BDC), El Nifio—Southern Oscillation (ENSO)and-, Quasi-Biennial Oscillation (QBO)-
Bepletionrof,, concentrations of greenhouse gases (GHGs) and Ozone Depleting Substances (ODSs). Reduction in stratospheric
O3 concentrations causes more UV radiation to reach the Earth’s surface, resulting in harmful effects, including damage to
35 plant life and crops, disruption of aquatic ecosystems, and increased risks of skin cancer, cataracts, immune suppression, and
erythema in humans (WMO, 2022; Zerefos et al., 2023). To mitigate these harmful effects, actions taken under the Montreal
Protocol (United-Nations; 1987)-and its Amendments and Adjustments have significantly reduced emissions and atmospheric

abundances of ezene-depleting-substanees{ODSs)ODSs, contributing to the recovery of the stratospheric O3 layer.
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Apparent changes in tropical middle stratospheric O3 trendscan vary substantially depending on the length and timing of the
45 analyzed period. For example, meastremen sfrom-various-satellite-instruments-consistently show-inereases-inupper-stratospheri

in the early 2000s, several studies reported statistically significant Og with-a-pesitive-trend-of~1—-5%per-decade,—~while-a

inereaseinrupper-stratospherie-decline in this region using a variety of datasets and methodologies (Kyroli et al., 2013; Eckert et al., 2014; (

. Subsequent analyses showed that the slight differences in the tropical Og resultsfromreductionsin-ODSs-alongside- COo-driven
50 eooling of the stratosphere—Conversely,-trends across different data sources arise from small shifts in the lower-stratospherie
deerease-istinked-to-analyzed time period, largely due to endpoint anomalies influenced by the elimate-change-driven-aceeleration
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curvature of long-term Og
variability and unaccounted fluctuations in the record (Petropavlovskikh et al., 2019; Sofieva et al., 2021). Recent assessments

show that the magnitude of O3 trends in the tropical

see-their Fig—3)—A-complementarystudy-by-Szelaget-al-(2020)reports-middle stratosphere since the early 2000s is highl
uncertain ( -2 to 0% per decade, WMO, 2022) with multiple studies finding no statistically significant or robust long-term

trend across different datasets and time periods (Petropavlovskikh et al., 2019; Steinbrecht et al., 2017; Godin-Beekmann et al., 2022; Aros

. In addition, Szelag et al. (2020) highlighted a strong seasonal dependence in tropical middle stratospheric O3 trends from
2000-to—20+8during 2000-2018, with a significant increase in spring (2-3% per decade) and a non-significant decrease in

autumn (-1% to -2% per decade), resulting in everall-non-significant trendswhen-averaged-aeross—all-seasons;—which-is—in

agreement, consistent with Galytska et al. (2019); Li et al. (2023). Censidering-these-findings;—it-is-impeortant-to-note-that

term trend in recent analyses does not rule out future changes of O3 variability-and-unaceountedfluctnations—in—therecord

in the

understanding-variability becomes particularly important, as such variability can substantially influence trends derived from a

limited observational dataset,

While previously discussed O3 trends motivate this study, our objective is to quantify the mechanisms that inflaenee-control

O3 behaviorremains-essential,-aspa ends-do-notpreclude-the-possibtlity-of-thetrreen
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To-explore the-eauses of the-observed-variability on monthly timescales and thus, that can modulate trends over limited time
periods. The sensitivity of O3 deeline-trends in the tropical middle stratosphere -Galytska-et-al-(2019)-demonstrated-thatit-was
Galytska et al. (2019) showed that the Oy decline observed in the early 20005 was dynamically controlled and oceurred-due

linked to increases in nitrogen dioxide (NO3). The elevated NO; levels enhanced O3 loss through the catalytic NOy (NOx
= NO + NOy) cycle, dominant in the middle stratosphere (Portmann et al., 2012). The increase in NO,, also confirmed by
Dubé et al. (2020), resulted from the prolonged residence time of its primary source, nitrous oxide (N2O). Anthropogenie

IO notreo ad nndar tha Maontraal Pratacol (AW AO-20 - PPN,

long-lived species (Portmann et al., 2012; Chipperfield et al., 2014), the changes in its abundance reflect variations in tropical

upwelling within the BDC, therefore, they are directly affected by changes in stratospheric transport (Iglesias-Suarez et al.,
2021). Prather et al. (2023) showed that during 2005-2021, N3O increased in the tropical middle stratosphere more than
expected from the rate of tropospheric increases. This #mphied-implies a more vigorous BDC, which leads to a shorter lifetime.
Minganti et al. (2020) evaluated the climatological impact of the stratospheric BDC on N5O and reported that, in the tropical
middle stratosphere, the interannual variability of vertical residual advection exhibits a significant spread, which reflects the
influence of the major source of interannual variability in the equatorial stratosphere, i.e. the QBO on tropical upwelling
(Abalos et al., 2015). Chipperfield and Gray (1992), and later Park et al. (2017) highlighted that the source gas N»O and the

reactive nitrogen species (NOy) display coherent QBO signals within the tropical stratosphere. O3 also exhibits a strong QBO

signal, with the QBO directly influencing O3 levels by altering the chemical reactions responsible for O3 depletion, see also
Chipperfield et al. (1994) and Ming et al. (2025). This oscillation modulates the rates of these reactions, leading to additional

variations in O3 concentration.

Fo-Therefore, to set the stage for the anatysis—of-the-complex—subsequent causal analysis of these chemical-dynamical
influeneesfeedback pathways on O3 variability during2004-2018wefocus-on-the-deep-tropicaH10°S—10°N)-middlestratosphere
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Figure 1. Scatter plots of detrended monthly mean anomalies in the tropical middle stratosphere for 2004-2021, from observations (circles)
and the TOMCAT CTM simulation (triangles). Panels show (a) w” versus N»O, (b) N20 versus NO3. (¢) NO2 versus Og. and (d) NoO
versus Og. Solid lines indicate linear regressions for observations (orange) and TOMCAT (pink). The corresponding Pearson correlation

hPa)-region—Figure—1—a-illustrates—the-annual-mean—in the tropical middle stratosphere, Figure 1 presents scatter plots of

detrended monthly mean anomalies of (a) residual vertical velocity (w™*) versus N»O, (b) NoO versus NOs, (¢) NO, versus Oz
125

130

not-avatlable-before-this-peried-2004-2021. Both observations and the TOMCAT simulations-CTM simulation exhibit similar
correlations and slopes. The relationship between residual-vertical-veloeity(w™ }-and N2O is moderately positive (panel ba).
The strong negative-correlations-anti-correlations between N>O and NO; (panel e)-indieate-that-b) result from their opposing
135 response to transport-driven variability, where, e.g. enhanced upwelling increases NoO is-the-major souree-of while reducing.

its chemical loss, which is crucial for NO, s-and-production (see further discussion in Sect. 4.1). The negative relationshi
between NOy and O3 (panel €c) is a result of NOy being the primary sink of O3 in the middle stratosphere (Park et al., 2017).

The positive relationship between N>O and O anel d) is consistent with both tracers exhibiting lifetimes that exceed their

vertical transport timescales in this region (Bonisch et al., 2011).
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While the chemical-dynamical coupling governing tropical middle-stratospheric Oy is understood, previous research relies
mostly on correlation and different types of regression analyses that do not explicitly distinguish between direct and mediated
effects within a multivariate system. A causal inference framework proposed in this study represents the relationships between
the selected variables as a directed acyclic graph (DAG), in which nodes correspond to physical quantities and edges represent
causal influences. Therefore, the structure of the DAG is informed by established physical understanding and subsequently.
evaluated using causal inference methods applied to the data. Causal inference can then be used to estimate the targeted
relationships under explicit assumptions. Applying such an approach to a well-understood chemical-dynamical system provides
areliable test of whether data-driven causal inference can recover known physical pathways and quantify their contributions in
the analyzed system. It is important to highlight that to ensure statistical consistency, this study analyzes detrended anomalies
rather than long-term trends. Therefore, the results describe variability-driven processes and should not be interpreted as a
direct explanation of decadal O trends caused by externally forced long-term changes in CO,, NoO emissions, or ODSs. but
rather in the context of dynamical processes that are strongly influenced by the QBO.

2 Data sources

This study uses monthly data from satellite observations, reanalysis products, and a TOMCAT CTM simulation, with-afeeus-on

thefelowingkey-variables—focusing on four core variables, namely w*, NoO, NOo, and O3. We also use the QBO as additional

variables to examine how the relationships among the four core variables vary under different thermodynamical regimes. By
selecting these variables, we focus the analysis on the interpretability of key chemical-dynamical processes that play a major

role in controlling Ox in the tropical middle stratosphere. We intentionally limit the number of variables to maintain a high

level of interpretability of the causal graphs. We analyze-then later compare the causal graphs from different-sources;namely
observations and the TOMCAT CTM simulation.

2.1 Observations

Since no single satellite instrument provides all the required variables with sufficient temporal and spatial resolution, we

integrate data from multiple sources into this study. The following observational or reanalysis-based datasets were used:

— w*: Derived Transformed Eulerian Mean (TEM) momentum terms (v0.1.1, Serva, 2022), based on EEMWE-European

Centre for Medium-Range Weather Forecasts (ECMWF) ERAS reanalysis (Hersbach et al., 2020) using diagnostics from
Serva(2023)Serva (2023); Serva et al. (2024);

— N2O: Profiles from the Earth Observing System (EOS) Microwave Limb Sounder (MLS), v5.01) instrument on NASA’s
Aura satellite, which offer a vertical resolution of 5-8 km and a horizontal along-track resolution of 165-265 km (Lam-
bert et al., 2020);



170 — NOa: Profiles retrieved from limb-scattered sunlight observations frem-on the OSIRIS instrument aboard the Swedish
Odin satellite (Murtagh et al., 2002; Llewellyn et al., 2004). OSIRIS NO5 v7.3 is retrieved via spectral fitting in the
435-477 nm range from 10.5 to 39.5 km with a 2-3 km vertical resolution in most of the stratosphere (Dubé et al., 2022).
Due to the pronounced diurnal cycle of NOy (Galytska, 2019; Dubé et al., 2020) the photochemical correction from

Dubé et al. (2020) was applied to standardize all measurements to a reference time of 12:00 p.m.;

175 — 03: OSIRIS O3 v7.3 (Bognar et al., 2022), an improved version of the v5.10 product with corrected long-term drift by ac-
counting for systematic errors in the instrument limb-pointing (Bourassa et al., 2018)-SWOOSHv27dataDavis-et-al;2016)-
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*ker ckeuatmri@ozonal mean zonal wind taken from the Institute of Meteorology and Climate Research (KIT)fer

— e 868
The-combination-of ERAS-w - MES N-Oand-OSIRIS NO-—and-Ox-In the following, the combination of these datasets is

collectively referred to as "observations".
2.2 TOMCAT Chemical Transport Model

185 TOMCAT is a three-dimensional off-line CTM (Chipperfield, 2006), driven here by winds and temperatures from the ERAS5
reanalysis (Hersbach et al., 2020). Given prescribed atmospheric transport and temperature fields, TOMCAT calculates the
distributions of chemical species in the troposphere and stratosphere. A stratospheric full-chemistry simulation, including
all of the NOy chemistry discussed in this paper, was run at a horizontal resolution of 2.8° x 2.8° with approximately 1.5
km vertical resolution in the stratosphere (Chrysanthou et al., 2025). The model uses time varying sulfate aerosol surface

190 area density Dhomse et al. (2015), solar fluxes (Dhomse et al., 2016), and lower boundary concentrations of GHGs and ODSs
(WMO, 2022), recommended for CMIP6 simulations. We used the monthly average output in our analysis. The TOMCAT
CTM simulation was chosen for its ability to provide a continuous time series without spatial or temporal gaps, making it ideal

for robust comparison with the observational datasets.

2.3 Data preprocessing

195 Monthly anomalies were—eateutated—with-respeet-to-the 2004—2648—<clmatetogy—of w*, NoO, NO,, and Og in the tropical
(10°S—10°N) middle (10 hPa) stratosphere for-selected—variables;namely—"NzO; NOz-and-Oz-were calculated from ob-
servations and the TOMCAT CTM simulation —relative to the climatological mean over August 2004-December 2021. The
analysis begins in August 2004, due to the availability of MLS N»O observations. However, for simplicity, we refer to the
period as 2004-2021, To maintain a robust comparison against temporal sampling discrepancies, TOMCAT CTM data were

200 masked to align with observations, omitting any dates with missing observational data. For causal inference, all time series

were standardized. Since the application of causality requires the stationarity of the time series (see Sect. 3.1), we remove the
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linear trend from all analyzed time series. For more details about preprocessed timeseries from observations and the TOMCAT
CTM simulation and their further comparison, see Appendix A.

3 Methods
3.1 Causal inference

We apply the latent Peter-Clark momentary conditional independence (LPCMCI) algorithm (Gerhardus and Runge, 2020),
which is an extension of the PCMCI+ algorithm specifically designed to deal with latent (i.e. unobserved) variables (Runge
et al., 2019; Runge, 2020). LPCMCI employs ideas from the Fast Causal Inference (FCI) algorithm to learn not only directed
causal relationships but also infer the presence of latent confounders (Spirtes, 1995). LPCMCI benefits from the same ideas
underlying PCMCI+ by increasing the effect size of conditional independence (CI) tests through including causal parents in
conditioning sets. The LPCMCI method seeks to learn a Directed Partially Ancestral Graph (DPAG), which captures the causal
relationships among the observed variables. Contrary to Maximal Ancestral Graphs (MAGs) that contain directed arrows (—)
and bidirected edges (in other words, double-headed arrows <), PAGs can include additional edge types. These edges, drawn
as o— and/or o-o, indicate the presence of hidden variables or uncertainty about the exact causal direction.

To understand the causal structure of the underlying complex dynamical system, the observed time series Xt = (X}, ..., X}V),

where IV stands for the different variables represented by time series, is assumed to follow the following causal process:

x{ = f; (PCxt)nd).

where f; is a measurable function that depends on all its inputs, 772 represents dynamical noise (independent across ' # t).
Here, P(X]) C X=X, X1, \ {X7} denotes the set of parent variables of X7 since the value of X7 is determined
from the variables in P(Xg ) and the dynamical noise 77{ . Bidirected links between X/ and th in this model imply that the
associated noise terms 7! and ng are dependent through unobserved confounding. We assume causal stationarity, meaning

!__€P(X])if and only if X} __ A, € P(X]_,,). In practice, causal discovery algorithmssueh-asEPEMEL, including
LPCMCI, require approximately stationary time seriesto-, meaning time series whose statistical properties, such as mean and
variance, remain approximately constant over time. Nonstationary behavior, such as long-term trends, can introduce spurious
statistical dependencies and bias CI tests, leading to incorrect causal links. Therefore, removing or accounting for such trends
(via masking or sliding window) is a methodological necessity to ensure that the estimated-conditional-dependenciesarenot
biased by nonstationary-trends-We-algorithm identifies causal relationships associated with the internal dynamics of the system
rather than coincidental alignment of long-term shifts in the variables (Runge et al., 2019, 2023).

Additionally, we also assume the absence of cyclic causal relationships, which, due to the temporal order, limits interactions
to contemporaneous cases only when 7 = 0. Furthermore, we assume the standard assumptions of constraint-based causal
discovery, the Markov condition and the faithfulness condition (Spirtes et al., 2000; Runge et al., 2023), which implies that
conditional independence in the observed distribution generated by the SEM-abeve-implies-d-separation-structural causal model
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above implies directional separation (i.e. separation of variables by conditioning on appropriate sets of other variables) in the
associated time series graph and vice versa.

We conducted a series of sensitivity tests with various settings of . and 7,4, but only used the causal graphs fer-with
0p=0.02 and 7,4, = 1 for the toy model (see Sect. 4.1), observations;-and with a,,.=0.05 and 7,4, = 2 for the observations
and the TOMCAT CTM simulation (see Sect. 4.2). Since some of the analyzed variables have non-gaussian distributions, we
use the RobustParCorr conditional independence test, which transforms the data to a normal distribution before the partial
correlation test. This usage implies that we assume the functions f; in the model above to be linear. As a trade-off to its ability
to also deal with latent confounding, LPCMCT suffers from lower recall compared to, e.g., PCMCI+ (Runge, 2020). Despite

this, LPCMCI successfully identified causal connections in observational data that align closely with expert knowledge and the

literature review. Nete;-howeve

5. —However, LPCMCI did not robustly
detect anticipated connections in the TOMCAT CTM simulation. To estimate the direct causal effects for the three{sub)periods
eriod 2004-2021 in the TOMCAT CTM simulation, we refined the causal graphs by incorporating expert knowledge and

insights from the literature review (as further discussed in Sect. 3.3 and depicted in Fig. 2 ).
3.2 Causal effect estimation

Over a hundred years ago, Wright (1921) suggested a method to estimate causal effects in linear models. This approach es-
timates the so-called path coefficients for all links in causal paths and then sums the products of these path coefficients over
all causal paths. This method applies only to directed-acyetiegraphstDAGS)DAGS; therefore, in the case of DPAG, we en-

sure that all edges are directed before applying causal effect estimation. Causal effect estimation consists of the following steps:

1. For all causal links 7 — j that belong to causal paths from X to Y (where X is a parent and Y is a child), estimate the
path coefficient 3;_,; by regressing j on all its parents and taking the coefficient corresponding to parent . 2. The causal effect

is then computed as:
ce= Y. Il B
causal paths link — 7 in path

By restricting this estimator to paths that pass through at least one node among a selected set of mediators M™*, it is also

possible to compute mediated causal effects (MCE). These are defined as:

MCE = 3 IT s

causal paths through at least one M € M * link 4— j in path

3.3 Process-oriented causal inference framework
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To quantitatively characterize O3 variability in the tropical middle stratosphere during the-2004-2018-period-and-the-two
subperiods-definedinFig—1a(2004-20H-and-2012-2018)2004-2021, we employ a process-oriented causal inference approach

depicted in Fig. 2. Although causal analysis has already gained significant application in atmospheric sciences, including the
analysis of Arctic processes and their links to middle latitudes (Polkova et al., 2021; Docquier et al., 2022; Galytska et al.,
2023; Kretschmer et al., 2020), teleconnections (Karmouche et al., 2023; Tibau et al., 2022; Carvalho-Oliveira et al., 2024),
atmosphere-biosphere interactions (Krich et al., 2020), and evaluating climate models (Nowack et al., 2020; Debeire et al.,
2025) and their sensitivities (Ricard et al., 2024), it has not yet been applied to the study of stratospheric chemical-dynamical
interactions.

Figure 2 outlines the process-oriented causal inference framework, which is built upon three essential components (blue
squares): (1) a causal graph that contains information about qualitative cause-and-effect relationships (Runge et al., 2023), (2)
observational and/or modeled data, and (3) a method for estimating causal effects. To construct (1) the causal graph, we employ
a triangulated approach (Denzin, 2010; Uleman et al., 2024) that integrates (i) expert knowledge, (ii) a comprehensive literature
review, and (iii) a data-driven causal discovery algorithm. While each of these components can independently contribute to
the creation of the causal graph, we recommend employing the triangulated approach to ensure a more robust and reliable
framework. To assess the performance of the selected (iii) causal discovery algorithm before applying it to real-world data,
we first construct a (iv) "toy model" using synthetic data. This synthetic dataset is designed to replicate the properties and
challenges of the real system while incorporating known underlying ground truth from (i) expert knowledge and (ii) a literature
review. The toy model is then used to evaluate the performance of the causal discovery method in realistic, finite sample
scenarios (Camps-Valls et al., 2023). To ensure the robustness of the results, it is recommended to further perform sensitivity

tests on free algorithm parameters, such as a;. and Ty,q, for (iii) the causal discovery algorithm and (iv) the toy model.

It is important to note that if (iii) the causal discovery algorithm does not robustly detect anticipated relationships in the
analyzed (2) real-world or modelled data, the causal graph may be constrained based on (i) expert knowledge and (ii) a

comprehensive literature review, including previous successful applications of causal discovery to related research topics. The
final (1) causal graph, derived from (2) real-world data, serves as a foundation for estimating (3) direct and total causal effects.

Causal effect estimation can be further refined through a process-oriented analysis, such as, for example, masking on different
atmospheric regimes. Additionally, (v) total causal effects can be assessed across different time lags. This complex approach
outlined in Fig. 2 ensures robust and reliable causal inference, particularly for complex systems such as the stratospheric

chemical-dynamical interactions investigated here.
3.4 Confidence intervals and masking for regime-oriented analysis

Confidence intervals for direct causal effect estimates, computed using Wright’s path coefficient (Sect. 4.2), were obtained via
bootstrapping with 500 members. Only significant direct causal effects are shown, defined as when the bootstrap confidence
interval does not include 0. For both direct and total causal effects across different time lags (Sect. 4.4), confidence intervals

were likewise obtained from 500-member bootstrapping.

10
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Figure 2. Process-oriented causal inference framework built upon three essential components (blue squares): (1) a causal graph, (2) data, and
(3) a method for causal effect estimation. To construct the (1) causal graph for the studied system, a triangulated approach (Uleman et al.,
2024) is applied, integrating (i) expert knowledge, (ii) a literature review, and (iii) a data-driven causal discovery algorithm. Before applying
the (iii) causal discovery algorithm to real-world data, we construct a (iv) toy model to assess the performance of the selected (iii) causal
discovery algorithm. The final (1) causal graph, based on (2) real-world data, serves as a foundation for estimating (3) causal effects, which

can be further refined through process-oriented analysis, including masking on atmospheric regimes and additional sensitivity tests.
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For the regime-oriented analysis of causal effects during different QBO phases (Sect. 224.3), we first calculate the QBO wind

shear as the zenal-wind-gradient-vertical gradient of the zonal mean zonal wind between 10 hPa-and 12-hPainlog-pressure
eoordinates30 hPa. For observations, the shear is derived directly from radiosonde-based zonal wind at the two pressure levels

Kerzenmacher and Braesicke, 2026). For the TOMCAT CTM simulation, the zonal wind is first averaged over 10°S—10°N
before computing the vertical gradient between 10 and 30 hPa. The resulting shear time series is subsequently standardized

for use in the process-oriented causal analysis. Positive (negative) values correspond to a westerly (easterly) shear zone, which
plays a eentral-key role in modulating secondary circulation and stratospheric transport. We focus on the +6-+2-10-30 hPa shear

layer since no data is available above 10 hPa in the used observational record.

4 Results and Discussions

4.1 Causal justification and validation with a toy model

Before applying causal discovery to investigate-analyze chemical-dynamical interactions in-the-tropical-middle-stratosphere
using observations and TOMEAT-medel-simulationsthe TOMCAT CTM simulation, we first summarize the relationships of

Oj variability in this region in a shape of DAG-based on expert knowledge and literature review (as discussed and interpreted
by e.g. Galytska et al., 2019; Nedoluha et al., 2015), following the procedure discussed in Sect. 3.3. Figure 3a depicts a simple
linear chain from the cause w* to the outcome O3 (grey nodes), with mediating variables NoO and NO- (magenta nodes).
The inferred DAG, therefore, represents an effective causal structure that emerges under the influence of dynamical variability,
rather than a representation of isolated chemical relationships. In particular, a positive relationship from w* to NoO (labelled A)
indicates that an increase in residual vertical velocity leads to enhanced N5 O concentrations. The relationship from N2O to NOx
(labelled B) is negative, despite N2O being a source of NOy. This apparent contradiction is an example of Simpson’s paradox
(Blyth, 1972) and arises because upwehing-tropical residual velocity w* acts as a confounding facterdynamical process, leading
to an anticorrelation-anti-correlation between NoO and NO,. Namely, slower (faster) upwelling results in lower (higher) NoO
concentrations and consequently longer (shorter) N> O residence time in this region, which allows more (less) time for the pho-
tochemical production of NOy from N5O.
its-effeetis-mediated-threugh-N-O—Consequently, higher (lower) NOy levels lead to lower (higher) O3 concentrations via the
NOy-catalyzed ezene-O3_destruction cycle, resulting in a negative relationship fabelled-C)(labelled C, see Crutzen, 1970).

Table 1 summarizes the discussed chemical-dynamical relationships in the tropical middle stratosphere as depicted in Fig. 3a.

We further justify the assumed causal DAG in Fig. 3a and validate the reliability of the causal inference method. For that,
we require a benchmark dataset with known causal ground truth for validation as depicted in Fig. 3a. We consider the linear
structural causal process with four time series as an example that comes from a data-generating process using the following

model:
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Figure 3. Causal justification and validation. (a) Assumed relationships based on expert knowledge and literature review. Magenta nodes
indicate mediators in the total influence of w™* on Og. (b-e) Causal discovery applied to a generated toy model with contemporaneous (time
lag = 0) and lagged (time lag > 0) dependencies based on linear partial correlation as a conditional independence test for 120 time steps (b)
and 240 time steps (c), which corresponds to the DPAG. The application of the triangulated approach from Fig. 2 resulted in the DAG (d),

which in turn was used as a basis for causal effect estimation, where edge colors indicate the estimated direct causal effects (e).

XP=03X7, +n)

X}/ =03X} | +04X] | +n/ W
X? =0.3X7, —0.94X} +n}

X} =03X} , —0.95X2 +n}

where 7; stands for the independent Gaussian white noise processes with variances o2, X depicts residual vertical velocity
w*, X' - the concentration of NO, X2 - NOy, X3 - O5. This set of variables and their dependencies define a toy model.
Although this toy model is designed to replicate causal dependencies in the tropical middle stratosphere, it is important to em-
phasize that there are multiple approaches to constructing such a model. While additional variables could be further introduced
based on expert knowledge and a thorough literature review, the goal of the analysis here is not to maximize the number of
variables but to create an intuitive system that can simply and effectively replicate the processes under study.

Figure 3b-e illustrates the causal graphs inferred from the causal discovery algorithm (see Sect. 3.1) when applied to the
toy model from Eq. (1). To evaluate the performance of the causal discovery algorithm on time series of different lengths, Fig.
3b,c show causal graphs for generated time series of 120 timesteps-time steps (equivalent to 10 years of monthly data) and 240
timesteps-time steps (equivalent to 20 years), respectively. When applied to the shorter time series (Fig. 3b), causal discovery

fails to detect several expected connections as anticipated from Fig. 3a, likely due to limitations in the toy model, such as weaker
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Table 1. Summary of chemical-dynamical processes in the tropical middle stratosphere.

Label in Fig. 3a  Connection Link type Description

A w*—N20 positive Transport is the primary source of stratospheric N2O. In addition to determining
N2O concentrations (an increase of w™ leads to an increase of N2Q), it also affects

its residence time (an increase in w™ leads to a shorter residence time of N2O).

B N20—NO, negative N2O is the primary source of NOy via the slow reaction N,O + O('D) — 2NO
followed by the rapid reaction NO + O3 —— NO; + O;. As N2O increases due
to afaster circulation, its residence time decreases, and therefore, NO5 concentra-

tions decline (there is less time to produce NOz2). The resulting link is therefore

negative. In the absence of dynamical variability, the relationship would appear
ositive, reflecting only the underlying chemical production of NO2 from N>O.

C NO;—Os3 negative NO. is the primary sink of O3z in the tropical middle stratosphere via the NO,

catalytic cycle.

causal signals or higher noise. In contrast, despite the plausible limitations of the toy model, most expected connections are
recovered in the 20-year time series depicted in Fig. 3c. However, the inferred graph lacks directionality between NoO and
340 NO; (shown as o-o edge), resulting in a DPAG. Since causal effect estimation requires a fully directed DAG, we applied the
triangulation approach to resolve ambiguities, yielding the DAG in Fig. 3d. This final causal graph (Fig. 3d) serves as the basis
for causal effect estimation, shown in Fig. 3e. Given approximately linear relationships among analyzed variables (see Fig.
1b-d), we assume linear causal effects and apply Wright’s method (Wright, 1921). This approach is akin to linear regression
slopes between two variables X and Y, with the critical distinction that the graph is used to detect and eliminate confounding

345 influences before regression (see Sect. 3.2 and Fons et al., 2023).
4.2 Physical description of observed and modeled causal relations

Figure 4 presents the magnitude and sign of direct causal effects computed using Wright’s approach (Wright, 1921) on causal

graphs identified by the trlangulatlon (Uleman etal., 2024) based on observations (fepfewa) and the TOMCAT CTM simulation

350 5-2021. The original graphs inferred by the

causal discovery algorithm (see Sect. 3.1) without the application of the triangulated approach are shown in Appendix B. The
causal discovery algorithm successfully identifies the anticipated connections in the observations (Fig. 4a-ea) since the signs

of the direct causal effects align well with the expected processes outlined in the Introduction and as discussed in Sect. 4.1.

Notably, the positive lagged links-in-observations-in-analyzed-periods{(panels-a-e)-link in observations from w* to NoO

355 indieate-indicates that an increase in residual vertical velocity intensifies NoO transport. This enhanced transport, in turn,
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Figure 4. Causal inference: Magnitude and sign of the direct causal effects. The direct causal effects calculated for the observations (tep
rowa) and the TOMCAT CTM simulation (bettom-rewb) from the detrended monthly anomalies for the-ful-period-2004-2648(panels-a-and
& 2994‘29%%&9—5-81*6—69‘%6—294%%948@%*61%6—92004 2021. For TOMCAT-the-causal-graphs-identifiedfrom-the-observations

a—Straight arrows show the contemporaneous (time lag =

0) connections; curved arrows indicate lagged links (time lag > 0); edge color stands for the estimated direct causal effects. For TOMCAT,

causal graphs identified from the observations were used, and direct causal effects were estimated using the TOMCAT data.

reduces the residence time of N»O, leading to less time for NO, production via the reaction N,O + O(lD) —— NO + NO

(also labelled B in Fig. 3a). Consequently, the causal contemporaneous link from N2O to NOs reflects the negative relation-

ship confounded by upwelhng NWMWM%&%@%&Q@WMQ
link from NO

lower/higher NO>

to O3 indicates that

levels are associated with higher/lower O concentrations, as Og loss in the tropical middle stratosphere is largely driven by
&kwmwmmw ehaﬂge&ea%etﬂateéw&lﬁhe
7?and O3 in
the observations, indicating the presence of a latent common driver of w” and O3 and that neither variable is an ancestor of the
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other (see Appendix B, Fig. 2? B1la). As causal effect estimation

requires a DAG, we define the direction from w* to O3 to quantify the strength of this link. This choice allows us to estimate
the direct dynamical influence of w* on O3, which is sometimes identified by a causal discovery algorithm in sensitivity tests.
Based on Fig. 4, the direct influence of w* on Oz is much weaker, and a mediated pathway via NO te-and NO, }&gged

and-22)—Additionally,-the negative-contemporaneous-tink-dominates. However, temperature-mediated effects could amplify
the apparent strength of the connection from NO, to Osindicates—thattowerfhigher NOytevelsresutt-inhigherAlowerOx
eoncentrations;as-, since enhanced upwelling induces both cooling (increasing Ostoss-) and reduced NO, species. To assess
this, we performed additional analysis, including temperature anomalies in the tropical middle stratosphereistargely-driven-by
eatalytie NOx-destruetion{Crutzen; 1970), The inferred graph structure was not robust, likely because w” is a derived diagnostic
that depends on thermodynamic fields. Removing w” altered the parent structure and prevented a direct comparison of direct
causal effects shown in Fig. 4a. We therefore interpret the identified NOy-mediated pathway as the dominant mechanism, while
acknowledging that temperature-related effects may potentially project onto this link.

Unlike the observations,

CTM simulation, as-anticipatedfrom—the-expected-proeesses-the causal discovery algorithm does not fully reproduce the
expected chemical-dynamical coupling as outlined in the Introduction, Sect. 4.1 and as shown in Fig. 4a-e-Thereasonsfor-this
this occurs because Oy exhibits very strong contemporaneous coupling with both NoO and NO, such that conditioning on Oy
variability among the chemical tracers as the model uses a chemically consistent scheme for all the variables. To still assess
the strength of the processes represented in TOMCAT, we did not rely on the TOMCAT-derived graph. Instead, we-applied

adopting a fixed graph structure derived from
observational ground truth and expert knowledge, we can accurately estimate direct causal effects with the TOMCAT data (Fig.

4d-Hb), providing a valid and pragmatic solution for quantifying model sensitivities. Similar to observations, the direct one-
month lagged w*-N>O connection is estimated as significant in the TOMCAT CTM simulation for the analyzed petiedsperiod.

tons-in the TOMCAT

Additionally, NoO-NO, tinks-are-negative contemporaneous link is slightly stronger in the TOMCAT CTM simulation (panels
d-and-eFig. 4b) compared to those in the observations (panels-aand-bFig. 4a), with a similar causal pattern observed for the
NO,-03 link. During 2012-2018 the strength-of the-

To ensure the robustness of the detected in Fig.4a connections in observations in the tropical middle stratosphere during the
period 2004-2021, Fig. 5 demonstrates the results of the application of the causal discovery algorithm with different setups
Of Tinag_(depicted on the x-axis) and ay. (depicted with markers). Ty, set to zero to account for the contemporaneous
connections. It should be noted that choosing a Tyuq. that is too low risks missing causal links with longer delays, which
violates the assumption of causal sufficiency. However, choosing 7,4, too high without mitigation can dilute the detection
power of the causal algorithm. Specifically, a larger 7,4, expands the search, as the algorithm tests more possible lagged pairs.
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Figure 5. Sensitivity tests of the detected links to the choice of 7,,4. (X-axis) and «,. (depicted with markers) for the observations for the
eriod 2004-2021. For all tests Tynin = 0. Only link pairs shown in Fig. 4 are considered.

This leads to larger conditioning sets, which can further reduce the effect size and detection power. Therefore, it is important
to condition only on a few relevant variables that actually explain the relationship (Runge et al., 2019). Sensitivity tests from
Fig. 5 show very similar results for different configurations of 7,4 and a,.. The chemical connections related to NoO-NO,.
and NO,-Oj pairs are robustly detected as contemporaneous across all experiments. The dynamical connections w”-N»O and
w?-O3 are robustly detected with a one-month lag.

A further analysis of the sensitivity experiments reveals an additional feature in the N;O-NO, relationship. A positive

one-month lagged link from N3O to NO, from-the-is detected across all tested 7 but primarily at relaxed significance

thresholds («,,.=0.2). For 7,,,-=1, the link is also identified at cv,,.=0.1 and 0.05. Such a positive lagged connection is physicall

lausible, as NO, is produced from N»O, as discussed in Table 1, and a delayed response may emerge at the monthly timeseries.
However, given its sensitivity to the choice of o, this link cannot be considered a robust pathway.

4.3 Process-oriented analysis

We adopt the process-oriented causal analysis (Nowack et al., 2020; Karmouche et al., 2023; Eyring et al.,

to major drivers of tropical middle stratospheric O3 variability to further understand the robustness of the connections durin

different regimes. Given that NoO, NO», and O3 exhibit a strong QBO signal (Chipperfield et al., 1994; Tian et al.,

we mask the data to easterly and westerly shear zones (see Sect. 3.4). This approach makes it possible to explore the

regime-dependent robustness of causal relationships. A robust connection between specific variables indicates that the particular
link is consistently detected across multiple resampled datasets. A robust connection also suggests that the relationship is less

sensitive to variations in the data, providing higher confidence that the detected connection is not a result of random fluctuations
or sampling variability. It is also important to note that the analyzed period includes an unprecedented QBO disruption in 2016
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Figure 6. Regime-oriented direct causal effects from observations (a) and the TOMCAT CTM simulation (b) for the full 2004-2021 period

blue), and for easterly (orange) and westerly (green) QBO regimes.

(Tweedy et al., 2017; Match and Fueglistaler, 2021), which stalled the descent of the easterly shear toward 10 hPa and caused
anomalous upwelling and wind patterns, temporarily altering transport and mixing in the tropical middle stratosphere. To assess
how QBO phase affects the strength of the identified relationships, we keep the causal graph inferred from the full period and
re-estimate the link strengths separately for easterly and westerly QBO conditions. This approach isolates regime-oriented
changes in coupling strength without altering the underlying network structure. Figure 6 illustrates the estimated direct causal
effects for both observations (panel a) and the TOMCAT CTM simulation (panel £)-b) for the full period 20042021 (blue),
which also corresponds to direct causal effects shown in Fig. 4a.b, easterly (orange), and westerly phase of the QBO._

The dynamical positive link from w” to N»O at a lag of one month shows slightly reduced magnitude in observations when
separating into QBO phases compared to the full period. In the TOMCAT CTM simulation, the link strength is similar to the
across QBO phases. The negative contemporaneous chemical coupling between NoO and NO is stronger in the TOMCAT
CTM simulation compared to observations and of similar strength across phases. In observations, the absolute magnitude is
slightly larger during the westerly phase than during the easterly phase. The contemporaneous negative link from NOs to Oz is
likewise stronger in the TOMCAT CTM simulation compared to the observations. In the observations, this link weakens during
the easterly QBO phase, whereas in the TOMCAT CTM simulation its magnitude is comparatively stable across QBO phases.

The imposed one-month lagged connection from w” to Oy is the weakest among the analyzed pathways and substantially
smaller than the chemically mediated pathway. In the TOMCAT CTM simulation, no link is detected for the easterly QBO
phase. This phase-dependent absence of this connection points to its limited robustness. This also indicates that the direct
influence of the residual circulation on Oy variability is predominantly mediated through N>O and NOs, rather than through a
direct dynamical effect. Overall, the sign of all connections is robust across datasets and QBO phases. In the observations, the
chemical links (from N2 O to NO, and from NO, to O3) tend to strengthen during the westerly QBO phase.
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4.4 Causal effects across different time lags

While the causal discovery algorithm, along with causal effects estimation of the direct links, offers a general overview of
whether the methodology captures the expected dependencies, one can further study the propagation of causal effects through
the causal graph across different time lags. The total causal effects (for further discussions, see Appendix C), which are not
necessarily just depicted by a single arrow in the causal graph, can be derived from direct causal effects using Wright’s path
analysis for specific relationships across different time lags. Figure 7 shows total and-direet-(lines) and direct (labels) causal
effects across different time lags for a selection of different (X, Y) pairs of variables, where a positive connection, similar to
Fig. 4, indicates that an increase in X leads to an increase in Y after a time lag (7). Due to the limited number of variables in
the causal graphs, we do not analyze the role of mediators for specific connections, as their influence is straightforward. For
example, the total effect from w™* to NOs is mediated solely by N2O, as shown in Fig. 4. However, for the analyses that involve
more complex causal graphs, similar to Fons et al. (2023), we recommend estimating the contribution of various mediators on
a specific set of connections.

The-total-and-direet Figure 7 demonstrates that the total causal effects across different time lags in the TOMCAT CTM sim-

ulation (dashed lines) closely align with observations across-analyzed-periods(solid lines) across analyzed regimes, indicating
that the model reproduces not only the sign but also the temporal structure of the effects. However, the eausat effeets-amplitudes
in the TOMCAT CTM simulation are slightly stronger-than-thesein-observations;partieularly-for-the-effectof-larger, suggesting
a somewhat stronger coupling between analyzed variables in the simulation, The direct effect of w™ en-othervariablestsee
dashed-ines-in-Fig—7a-¢)—The-direct-causal-effect-of residual-vertical-veloeityw-on the-transport-of- N, O into-the-stratosphere
(Fig. 7a) reveals-a-peak-in-the-pesitive-conneetion-exhibits a clear maximum at a lag of four-months-in-the-observations-and
the- TOMCAT-CTM-simulation-aeross-all-three-periods—The-total-effeet-around three months for the full period 20042021

and during the easterl BO phase. This peak defines the characteristic adjustment timescale of dynamical transport. The

total effects of w* on NO, (Fig. 7b) and on Os (Fig. 7c and Appendix C) ;-both-elearly—mediated-by—also reach their
maxima at approximately three months, consistent with a sequential mediation through N5O reaches-its-maximum-atatagof

after%%&gef—ﬁve—ﬂ%ee«meﬂfhs—iﬁﬂﬁr athway is approximately 0.10 in the observations and 0.14 in the TOMCAT CTM

simulationdete
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Figure 7. Total and-direet-causal effects across different time lags {in months yfrom observations (solid lines) and the TOMCAT CTM
simulation (dashed) for (a) w™ on N2O, (b) w* on NOg, (c) w* on O3, (d) N2O on NO3, (e) N2O on Os, (f) NO2 on Os. All plots show the
results obtained for 2664-2648-2004-2021 (blue), 2664-26++-¢asterly (orange), and 2642-264+8-westerly QBO phase (green). The markers
indicate direct causal impact presented in Fig. 4 and 6. The shading corresponds to the 90% bootstrap confidence interval In-panet-(f)-the

the-N;O-Og-—causal-relationship-(Fig—7e), %ﬂ%@%ﬁ%&&%&@m
480 simulation (not shown here). Therefore, the total effect of w* on Og f&delayed—byeﬂemeﬂﬂ%
%&N@ﬂ%@ﬁel&ﬁﬂﬂﬁmelg H
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490 eone-month-delayedinfluenee-ofw™on-Ogthroughtherefore represents the sum of both pathways, yielding approximately 0.26
for the observations and 0.37 for the TOMCAT CTM simulation over the full analyzed period. The same analysis is performed
for the easterly and westerly QBO phases, but an analogous description is not discussed further. Conditioning on both N, O and

a

a-consequence-of-the-delayed NOxproductionfromNdoes not alter the magnitude of the mediated effect, indicating that the
495 dominant indirect pathway proceeds sequentially through w*, N> O, which-is-consistent-with-the-negative-trend-in- NONO (Fig:
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relationship (Fig. 7d) strengthens gradually with
increasing lag, with close agreement between observations and the TOMCAT CTM simulation after two to three months.
Differences are largest at short lags, where the observational estimate shows stronger variability. The observations suggest that
this link appears weaker during easterly QBO shear, linked to vertical ascent due to the strengthening of tropical upwelling

Baldwin et al., 2001). The total N,O-that-emerges-—consistentty-O to O3 effect (Fig. 7e) increases from lag zero to lag one
(in the full

and then gradually decreases toward longer lags. Here, observations also show a weaker total effect during easterly QBO phase.

These results are also consistent with direct causal effects analyzed for different QBO regimes (see Fig. 6). The NO, -and-from
NO--te-on 03 —Thi i

particularly-in-the-chemical-conneetion{remNeffect (Fig. 7f) peaks at lag zero and rapidly decreases, approaching zero after

about one month. This behavior is consistent with fast NO..-driven O3 chemistry. A slightly longer persistence during the
earlier subperiod suggests a more sustained influence of NOy O-+to-NO-—This-link-appears—weaker-during-westerlyshear;

v-on Og during that time.

5 Conclusions

This study applies causal inference to better—understand—quantify the contributions of chemical-dynamical drivers to-that
control Oz variability in the tropical middle stratosphere. By—using-Using a causal discovery algorithm en-observational
data;—we—identify—distinet-causal-relationships—applied to observations over the 2004—2018-period;—as—well-as—within—twe
mmwm@m%

N->O, subsequently affecting NO, and ultimately O3
in-the-second. The resulting causal graphs show-the-capability-are then used within the causal inference framework to quan-

tify the temporal contribution of specific variables ;ramely—+*5NzO-and-NOz-on monthly O3 variability —Further;-we-used
under different QBO phases and to separate the direct and mediated effects. In the TOMCAT CTM simulation, strong shared
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variability among the chemical tracers limited the ability of the discovery algorithm to detect expected dynamical coupling.
Therefore, we applied observational graphs based on triangulation (Uleman et al., 2024) to estimate causal relationships in
555 the TOMCAT monthly data. This example illustrates a practical workaround for cases where models or datasets do not yield
the expected causal structure through discovery. Importantly, estimating direct or total causal effects does not require that the
graph be learned by an algorithm since a graph based-en-informed by expert knowledge and supported by the literature can
serve as a valid alternative (Fons et al., 2023). In our case, the close agreement between the observationally derived graph
and the main relationships anticipated from established chemical-dynamical interactions (see Fig. 4 and as discussed in the
560 Introductionand-shewn-inFig—) demonstrates that the discovery algorithm can indeed recover the expected structure when
applied to suitable data;highlichting-its-petentialfor-uneovering-causal-conneetions-even-when-they-are-notknown-a-prior
Additionall

the toy model validation further demonstrates reliability under finite-sample conditions (Sect. 4.1). Therefore, the

methodology adopted in this study, which integrates triangulation (Uleman et al., 2024) for the construction of causal graphs
and an algorithm for causal effect estimation, demonstrates a comprehensive approach to causal inference. This ensures the

565 robustness of the analyzed system and facilitates the quantification of specific connections in a physically meaningful domain.

Direct causal effects applied to

570 is dominated by an indirect NOoduring-the2042-mediated pathway, consistent with previous studies of chemical-2048-period

: namical coupling (see Fig. 4 and e.g. Portmann et al., 2012

575 is also supported by sensitivity tests. For example, the direct influence of w* on NOoas-well-asw—on-O3 (both-mediated-by

seenin-the-direeteffeetofis weak and not robust across QBO phases. The total causal effects that consist of direct and mediated
, Fig.
dynamical signal from w* through N»O en-and NO, and-the-total-effect-of NyOon-Oto Q3. These-differencesinw*-NzO-NOy

NO-—formation—durine—20 012 and—conseanentlv—lowe

roximately two-three months (as discussed in Sect. 4.4 indicating a propagation of the

580 onnections—tor—the—analyzed—subperiods—resulted

The process-oriented analysis for different QBO phases applied to the observations suggests that the chemical links between

585 NjO te-and NOowas-stronger-during-easterly-shear-than-during-westerlyshear-, and NO, and Osz strengthen during westerl
. 6). Additional sensitivit

shear compared to easterly shear (see Fi tests, including temperature anomalies in the tropical

middle stratosphere, did not yield a robust and interpretable graph. Temperature-related effects may therefore partly project
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onto the identified NO>-mediated pathway, but within the present framework their contribution cannot be robustly separated
and quantified. i i inge

Our study highlights the pivotal role causal inference can play in identifying, disentangling, and quantifying complex phys-

ical and chemical-dynamical processes in the stratosphere. This work lays the foundation for extending the application of

causal inference to other areas

involving complex chemical-dynamical interac-
tions. Given its potential, this approach is particularly valuable for systems with connections that are not yetfully-understood-
Sueh-an-well understood. An integration of causal reasoning into data-driven science enhanees-will help us to enhance our
understanding of processes-and-suppeorts-these complex processes and will support the development of robust methodologies
that combine machine learning with statistical approaches. This integration is especially relevant for Earth and environmental
sciences, as it benefits both observational and modeling studies. Causal inference has already proven to be an effective tool for
climate model evaluation, particularly by enabling comparisons between causal graphs derived from models and those based
on observations. This emerging methodology is gaining traction in process-oriented climate model evaluation (Debeire et al.,
2025; Karmouche et al., 2023; Galytska et al., 2023; Nowack et al., 2020) and offers valuable insights into the physical mech-
anisms driving the varying performance of different models. Notably, causal model evaluation not only identifies physically
based connections but can also reveal the processes that are poorly represented in models. We also identify a key direction
for future research focused on cross-evaluating the process-oriented performance of different CTMs and coupled chemistry-
climate models (CCMs). Such efforts could provide valuable insights into model accuracy and reliability of CCMs, ensuring
that the distribution of simulated species or processes is not driven by incorrect or unknown factors. Additionally, integrating
causal inference with well-established statistical methods could further advance stratospheric studies, particularly in analyzing
the variability of chemical species. Testing these approaches across different chemical and dynamical processes in various

stratospheric regions represents a promising avenue for improving model evaluation and understanding complex interactions.

Code and data availability. The code used to reproduce results, including figures for this manuscript, will be accessible in Zenodo and in
the following GitHub repository https://github.com/EyringMLClimateGroup/. The causal discovery algorithm is implemented in the Python
package Tigramite is released under GNU General Public License v3.0. Tigramite v5 is publicly available on Zenodo https://doi.org/10.5281/
zenodo.6247837 Runge (2022) or via https://github.com/jakobrunge/tigramite, last access: 01.08.2025.

Transformed Eulerian mean data from the ERAS reanalysis (monthly means) is available on Zenodo (https://zenodo.org/records/7081721,
Serva, 2022). MLS N2O v5.01 Lambert et al. (2020) is publicly available https://disc.gsfc.nasa.gov/ upon registration. OSIRIS O3 and
NOg data are available at https://research- groups.usask.ca/osiris/data-products.php#. QBO equatorial winds are provided by the Institute of
Meteorology and Climate Research at the Karlsruhe Institute of Technology (KIT) and are publicly available on Zenodo (https://zenodo.
org/records/18850668, Kerzenmacher and Braesicke, 2026). Data from the TOMCAT CTM simulation is available upon request from the

authors.
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Figure Al. Monthly mean detrended anomalies over tropical middle stratosphere during 2004-2648-2004-2021 in observations (blue) and
the TOMCAT CTM simulation (orange). The TOMCAT CTM data is masked to match the occurrence of the observations.

Appendix A: Comparison of observations and the TOMCAT CTM simulation

The detrended monthly mean anomalies ever-in the tropical middle stratosphere from observations and the TOMCAT CTM
simulation that were used for the causal inference are shown in Fig. A1. Monthly anomalies from the TOMCAT CTM simula-
tion closely align with observations.

Figure A2 depicts lagged dependencies from observations (blue) and the TOMCAT CTM simulation (orange) in the tropical
middle stratosphere during 2664-2648-2004-2021 using the RobustParCorr class, i.e., computing lagged correlations after
transforming all marginal distributions to Gaussians. Qverall, the model reproduces both the sign and the magnitude of the
observed relationships across most variable pairs and lags, with correlations generally decreasing in magnitude with increasing.
time lag. The autocorrelations of the analyzed variables are mostly similar between observations and the TOMCAT CTM
simulation, except for NNO2©O, which exhibits slightly weaker-stronger autocorrelation in the TOMCAT CTM simulation
across all time lags compared to observations. The eenneetion-connections between w* and Og (first row, last column), NoO
and NO, and-w*and-(sccond row, third column), and O (top-rowslast-two-cotumns) is-shightly-stronger-and NOj (last row,
third column) also show stronger lagged dependencies in the TOMCAT CTM simulation in comparison to observations.

Figure A3 depicts kernel density estimates of the joint and marginal (diagonal panels) densities of w*, NoO, NOg, and O3 in

the tropical middle stratosphere. Color coding corresponds to Fig. A2. The contours illustrate the covariance structure between

the variables, and the annotated 7 values indicate the lag at which the strongest association is found. The overall orientation of
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Figure A2. Lagged dependencies over-in the tropical middle stratosphere during 2664-2648-2004-2021 in observations (blue) and the
TOMCAT CTM simulation (orange) based on the RobustParCorr class.

the contours is similar between observations and the TOMCAT CTM simulation, suggesting that the model captures the main
sign of the relationships.

chain-in-ebservations{panel-t is important to highlight that the lagged dependencies (Fig. A2) and density plots (Fig. A3

only quantify pairwise co-variability. They do not separate direct from indirect effects and do not condition on other variables.
Therefore, the lag at which the correlation is strongest should not be interpreted as the lag of a direct causal interaction. In
a system with common dynamical forcing and persistence, pairwise correlations can reflect mixed pathways operating on

different time scales.
Appendix B: Graphs inferred by the causal discovery algorithm and sensitivity testin
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Figure A3. Density estimates of the joint and marginal densities over tropical middle stratosphere during 2664-2648-2004-2021 in observa-
tions (blue) and the TOMCAT CTM simulation (orange) based on the RobustParCorr class.
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Figure B1. Causal graphs detected by the causal discovery algorithm from (a) observations (b) the TOMCAT CTM simulation for the perio

2004-2021 with significance level a,.=0.05 and 7;,q.=2.
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Figure B2. Causal graphs detected by the causal discovery algorithm from the TOMCAT CTM simulation for the period 2004-2021 with
different significance level oy and Ty,q4=2.

Figure B1 shows the causal graphs detected by the LPCMCI algorithm for the observations (a) and the tack-of-detection-ofthese

the period 2004-2021 with o, = 0.05 and 7y, = 2 in. For the observations, the causal discovery algorithm does not identify
the direction of the N2O-O3 link. In addition, the w"-Oz connection is detected as bidirectional, indicating the presence of
a latent common driver of w” and O rather than a resolved causal direction. For the TOMCAT CTM simulation, contrary to
observations, the causal discovery algorithm does not detect the anticipated negative link from w? to N2O, however captures
the negative contemporancous links (without directions) between N2 O and NO», and NO3 and O3,

Further analysis of the output from the causal discovery revealed-that-in-ebservations;from the observations revealed that the

algorithm successfully identified a significant lagged causal link from w* to N»O, indicating that past values of w* have a direct

influence on N5O. This relationship remained significant even after conditioning on other variables and their lags, suggesting

a robust causal connection. In contrast, in the TOMCAT CTM simulation, the same lagged link was initially detected but was

O3 was included in the conditioning set, indicating that O ata-fag
by-ene-month)-explains most of the shared variability between transport and N Otat the-current time step)-disappeared-—Fhis
impties-that~. To further investigate the reason for the removal of one-month lagged w” to N>O link in the TOMCAT CTM
simulation -for the period 2004-2021, Fig. B2 shows the results of causal discovery after excluding O3 at-a-one-month-tag
WWWM%%MMw and-NoO-making-the-direct-eausal-hink
fromwto N2O ¢ -one-month lagged link reappeared and

was statistically significant across tested «,.. This indicates that the previously missing transport signal is not due to a lack
of dynamical coupling in the TOMCAT CTM simulationand-feund-thatremeving-O, but rather to conditional independence

induced by the strong covariance among the chemical variables. In the TOMCAT CTM simulation, Og ffeﬁHhe—aﬂa}y%eé

has strong instantaneous coupling with both
i and NO,, and therefore accounts
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Figure C1. Example of the total effect of w™ on O3 (green) as a sum of a direct lagged link and indirect via N2O and NO2 mediators (violet)
in the time-collapsed graph (a)and-time-unfotded-graph-(b), which corresponds to the causal graph from observations shown in Fig. 4a and

time-unfolded graph (b).

for a large part of their common variability. Consequently, once conditioning on Os, the remaining unique contribution of w*

to N5 O sim

Xpe

w’ to NoO link in the reduced system (without Ogin-the-model-and-data-availability-constraints—) therefore indicates that the
transport influence is present, but in the full multivariate setup it becomes statistically hidden because the strongly coupled
chemical tracers (O3 and N> O, and O3 and NOy) explain most of the same variability.

Appendix C: Total causal effects

To better understand the causal effects across different time lags, Fig. C1 depicts (a) time-collapsed and (b) time-unfolded
causal graphs based on the observational causal graph detected in Fig.4b-a in the manuscript. As an example, the total effect
of w* on Oz (green nodes) consists of a direct path from w* to Oz and an indirect path, which is mediated by NoO and NO,
(violet nodes) as shown in Fig. Cla. The indirect path of the influence of w* on Og is then better represented via a time series
causal graph (Fig. C1b). The total causal effect across different time lags of this relationship is shown and discussed in Fig. 7c

in the manuscript.
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Figure D1. Lagged dependencies across different time lags (in months) from observations for the period 2004-2648-2004-2021 based on

partial correlations (blue), bivariate partial correlations (green), and estimated Wright coefficients (magenta).

Appendix D: Dependencies vs. causal effects across different time lags

The lagged unconditional dependencies, such as the lagged correlations based on partial correlation, are helpful to identify the
720 maximal time lag 7,,4, to choose in the causal discovery algorithm. However, large autocorrelation might inflate lag peaks
Runge et al. (2014). To condition out some part of the autocorrelation, the bivariate, lagged CI test (partial correlation as an
example) can be applied. The comparison between the lagged dependencies from both tests is shown in Fig. D1. We also
plot lagged dependencies based on the calculated Wright coefficient (labeled as ’causal effects’), which directly indicates the
strength of causal relationships and takes into account the direction of causal influence (see, e.g. Fig. 4 in the manuscript). For

725 example, the causal effects in the last row in Fig. D1 are all zero since Og is not a cause of any analyzed variable in the system.
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