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12 Abstract

13 The El Nifio-Southern Oscillation (ENSO) is a dominant mode of interannual climate
14  variability, yet accurately simulating ENSO in climate models remains a major challenge due to
15  its complex coupled dynamics. In this study, we present a novel linear optimization methodology
16  and systematically adjust atmospheric parameters to improve ENSO fidelity in the Icosahedral
17  Nonhydrostatic eXtended Predictions and Projections (ICON XPP) Earth System Model of the
18  Max-Planck-Institute for Meteorology. The optimization approach is based on the superposition
19  of parameter sensitivities and a Nelder—Mead algorithm that reduces the ENSO cost function.
20  The cost function account for ENSO-related tropical climatology, variability, and feedbacks, which
21  are estimated with the ENSO metric package. We firstly assess the sensitivity of ENSO metrics to
22 21 atmospheric parameters in atmosphere-only simulations. The optimization approach reduces
23 the ENSO cost function by 30% in the optimized atmosphere-only runs. Key improvements
24 include reduced precipitation bias and strengthened atmospheric feedbacks such as the Bjerknes
25 and thermal damping feedbacks. These results demonstrate the effectiveness of our method in
26 improving ENSO metrics within the atmosphere-only configuration. Six parameters identified as
27  most impactful from atmosphere-only tuning experiments are subsequently tuned in fully
28  coupled simulations. The optimized fully coupled run yields moderate improvements in ENSO
29 amplitude, cold tongue SST bias, seasonal phase-locking, ocean-atmosphere coupling and
30 teleconnection patterns. However, isolated ENSO tuning introduces unrealistic global warming,
31  which is further corrected by adjusting turbulence-related parameters without degrading ENSO
32 skill. These results demonstrate that systematic ENSO tuning can yield performance gains but
33  must be balanced with broader climate stability constraints. Our method offers a scalable,
34  physically grounded optimization strategy, with strong potential for tuning ENSO in climate
35 model configurations.
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44 1 Introduction

45 The El Nifio-Southern Oscillation (ENSO) is the most significant mode of interannual climate
46  variability, exerting profound influences on the global atmospheric circulation, temperature
47  patterns, and extreme weather events (McPhaden et al., 2006; Timmermann et al., 2018). ENSO-
48  driven anomalies impact monsoon systems (Kumar et al., 2006), alter precipitation patterns
49  (Trenberth et al.,, 1998), and modulate the frequency of droughts, floods, and hurricanes
50 worldwide (Cai et al., 2020). Given its far-reaching consequences, accurately simulating ENSO
51  within climate models is essential for reliable climate predictions (Collins et al., 2010; Ham et al.,
52 2019). However, despite decades of model development, challenges remain in fully capturing
53  ENSO phenomenon in climate models, particularly in reproducing its feedback processes and
54  teleconnections (Bellenger et al., 2014; Planton et al., 2021, 2024). Here, we provide a novel
55 methodology that optimizes ENSO in the newly developed Icosahedral Nonhydrostatic eXtended
56  Predictions and Projections (ICON XPP) Earth System Model (Mdller et al., 2025a, b), by direct
57 assessment of an ideal atmospheric parameter setting. The presented optimization approach
58 serves as a blueprint for model developers to explicitly account for ENSO simulation in climate
59  models.

60 Climate models have historically suffered with systematic biases in ENSO simulations,
61 including the well-documented cold tongue bias, which produces excessively cold sea surface
62  temperatures (SSTs) in the equatorial Pacific and affects ENSO amplitude (Li & Xie, 2014). Many
63  models also exhibit an excessive westward extension of ENSO anomalies, leading to unrealistic
64  spatial distributions of SST variability and misrepresentations of atmospheric convection patterns
65 (Jiang et al., 2021). Additionally, atmospheric feedbacks, such as the Bjerknes feedback (the
66  coupling between zonal wind stress and SST in tropical Pacific), tend to be too weak, limiting the
67  amplification of ENSO events (Lloyd et al., 2009). ENSO frequency and amplitude biases are also
68  persistent issues, with some models producing ENSO events that are too strong, too weak, or
69 overly periodic, failing to capture the observed irregularity of ENSO cycles (Guilyardi, et al.,
70  2009b; Bellenger et al., 2014). Although different generations of climate models, particularly
71  those participating in the Coupled Model Intercomparison Projects (CMIP), have made progress
72  in reducing these biases, significant uncertainties still remain, especially from CMIP5 to CMIP6
73  (Planton et al., 2021).

74 For example, The Community Earth System Model (CESM) has undergone significant
75  revisions across different versions, yet challenges persist. CESM1 exhibits excessive ENSO
76  variability and an unrealistic persistence of El Nifio events (Zhang et al., 2017). CESM2 introduces
77 improvements in cloud physics and oceanic processes, leading to a more realistic ENSO
78 amplitude, yet biases remain in tropical Pacific convection and wind stress feedbacks
79 (Danabasoglu et al., 2020). Similarly, the Max-Planck-Institute Earth System Model (MPI-ESM)
80 sees improvements over successive versions. While MPI-ESM1 in CMIP5 displayed a strong cold
81 tongue bias and weaker ENSO variability (Jungclaus et al., 2013), its successor, MPI-ESM1.2 in
82  CMIP6, improved ENSO frequency and amplitude by refining ocean-atmosphere coupling and
83  tropical convection schemes (Mauritsen et al.,, 2019). However, the model still struggles to
84  accurately represent ENSO phase-locking, asymmetry, and ENSO-related teleconnections and
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85 feedbacks (Miiller et al., 2018; Bayr et al., 2019). Other major climate models also exhibit notable
86  ENSO simulation biases (Bellenger et al., 2014; Planton et al., 2021), such as the duration of El
87 Nifo events bias in the HadGEM3 model from the UK Met Office (Kuhlbrodt et al., 2018; Williams
88 et al., 2018) and the ENSO-related precipitation bias in GFDL-CM4 model from NOAA’s
89  Geophysical Fluid Dynamics Laboratory (Held et al., 2019). These examples highlight the ongoing
90 challenges in ENSO simulation across leading climate models, despite continued advancements
91 in model physics and resolution.

92 Moreover, although some climate models successfully simulate ENSO amplitude, this may
93  result from error compensation—where the weak Bjerknes positive feedback and thermal
94  damping negative feedback counteract each other, leading to seemingly accurate ENSO
95  variability (Lloyd et al., 2009; Guilyardi, et al., 2009a; Bayr et al., 2019; Planton et al., 2021). This
96  highlights a critical issue in climate modeling: a well-simulated ENSO amplitude does not
97 necessarily indicate a well-represented ENSO feedback process. As a result, direct tuning of
98 ENSO-related processes remains necessary in climate models to ensure a physically consistent
99 representation of ENSO variability.

100 Given these persistent biases and the limited success of ENSO tuning strategies, there is a
101  clear need for a systematic and targeted method to improve the ENSO simulation in climate
102  models. Here, we use the newly developed configuration ICON XPP which serves as a baseline
103  for the next generation climate predictions (Miiller et al., 2025a, b). We focus on 21 atmospheric
104  parameters related to cloud physics, microphysics, and turbulence schemes, which are known to
105 influence ENSO dynamics. The tuning is guided by the ENSO Metrics Package (Planton et al.,
106  2021), which provides a comprehensive evaluation of ENSO simulation in climate model across
107  four key dimensions: tropical climatology, variability, feedback processes, and teleconnection
108 patterns. To efficiently explore the parameter space, we employ a Nelder—-Mead optimization
109  algorithm that leverages the linear superposition of parameter sensitivities (Luersen & Riche,
110 2004). The optimization is first conducted in an atmosphere-only configuration to isolate the
111 atmospheric contribution to ENSO biases, and then extended to fully coupled simulations to
112  assess robustness and ocean—atmosphere interaction effects.

113 This study aims to: (1) Quantify the sensitivity of ENSO metrics to individual atmospheric
114  parameters; (2) Optimize the parameter set using a linear superposition approach; (3) Evaluate
115 the effectiveness of the method in both atmosphere-only and fully coupled configurations,
116  including high-resolution experiments and adjustments for global climate stability.

117 The structure of this paper is as follows: Section 2 describes the observations and the ICON
118  XPP model, experimental setup and simulations. The optimization method and the elements
119 needed for it are described in section 3. Section 4 presents result from atmosphere-only ICON
120  XPP model, including parameter sensitivity and optimization outcomes. Section 5 discusses the
121 application of the method to the fully coupled ICON XPP model, and evaluates improvements in
122  ENSO performance and teleconnections, and explores high-resolution and global temperature
123  results. Section 6 provides a summary and outlook for future work.

124
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125 2 Data and Model
126 2.1 Observation data

127 The observational data for the ENSO metrics are chosen to be the same as in Planton et al.
128  (2021). The monthly precipitation data are from GPCPv2.3 dataset, which combines observations
129  and satellite data (Adler et al., 2003). The SST, zonal wind stress, and surface net heat flux data
130 are from the TropFlux dataset, which is mainly derived from a combination of ERA-Interim and
131  ISCCP corrected fileds using Global Tropical Moored Buoy Array data (Kumar et al., 2012). The
132  Sea Surface Height (SSH) data are from the GODAS dataset, which is an ocean reanalysis dataset
133 forced by the momentum flux, heat flux and fresh water flux from NCEP2 (Saha et al., 2006). All
134  thereference data range from 1980 to 2018. The model data and observational data are regirded
135 tothe same 1°x1° global grids. The Nifio3, Nifio3.4, and Nifio4 regions are defined in 210°E-270°E,
136  5°S-5°N; 190°E-240°E, 5°S-5°N; and 160°E-210°E, 5°S-5°N, respectively.

137
138 2.2 ICON XPP Earth System Model
139 The ICON XPP Earth System Model is mainly developed by the Max Planck Institute for

140 Meteorology (MPI-M) and the German Weather Service (DWD). ICON XPP integrates components
141  from numerical weather prediction and earth system modeling into a unified framework capable
142  of addressing both scientific and operational forecasting challenges (Miiller et al., 2025 (a)). It
143  builds upon core elements of ICON, including the atmospheric component (ICON-NWP) (Zangl et
144  al., 2015), the ICON ocean model (ICON-O) (Korn et al., 2022), and the land component (ICON-L)
145  (Reicketal., 2021). The ocean and atmosphere are coupled through the YAC coupler (Yet Another
146  Coupler, Hanke et al., 2016). ICON XPP will serve as the next-generation earth system model from
147  MPI-M and deploy for CMIP7-class simulations. More information about the ICON XPP Earth
148  System Model can be found in Miiller et al., 20254, b. In this study, ICON XPP is employed in both
149  atmosphere-only and fully coupled configurations. The resolutions for atmosphere-only and fully
150 coupled experiments are 160 km atmosphere and 160 km atmosphere / 40 km ocean,
151  respectively, which provides a balance between computational tractability and the ability to
152  resolve ENSO-related dynamics. This work presents one of the first systematic assessments and
153  optimization efforts targeting ENSO performance in ICON XPP.

154
155 2.3 Parameters perturbation experiments
156 The parameters perturbation experiments are initially conducted using an atmosphere-only

157  simulations with twenty-one different parameters, wherein each parameter is tested across ten
158  different values. The atmosphere-only simulations are performed at a spatial resolution of 160
159  km and cover the historical period from 1979 to 1997, totaling 18 years per simulation. Following
160 the atmosphere-only tuning experiments, six parameters that exhibited a significant impact on
161  ENSO simulation are selected for further tuning within the fully coupled experiments. In this
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162 phase, each parameter is tested across six different values. The ranges of value of each
163  parameters in atmosphere-only and fully coupled experiments are determined based on
164  documented guidelines from the ICON model parameter documentation (https://www.cosmo-
165 model.org/content/support/icon/tuning/default.htm). A comprehensive overview of the tuned
166  parameters is provided in Table 1. The fully coupled reference run is taken from the low-
167  resolution configuration of ICON XPP version 1.0 (Miiller et al., 2025b). These simulations follow
168 a pre-industrial control (PiControl) setup, spanning 100 years, with the last 50 years used for
169  ENSO diagnostics. To contextualize the impact of parameter optimization against the effect of
170  model resolution, we analyze a fully coupled ICON XPP high-resolution (80 km atmosphere / 20
171  km ocean) simulation (Muller et al., 2025b), this high-resolution result will be discussed in Section
172 5.3.

173

174  Table 1. The tuning experiments for ENSO simulation in ICON XPP. If Reference Values both
175  contain atmosphere-only (AO) and fully coupled (FC) simulations, it means this parameter is both
176  tunedin AO and FCsimulations. The AO and FC reference runs utilize different parameters values
177  toreach the stable state of atmosphere thermodynamic (Miiller et al., 2025b).

Reference Optimized

Nam Definition Simple Description
ame efinition Simple Descriptio Values Values

Range

Controls how much environmental

:0.001 :0.001 .001
tune_entrorg | air mixes into clouds—affects cloud A0:0.00195 A0:0.0017 [0.00165,

. FC:0.0021 FC: 0.00227 0.00225]
growth and rainfall
Controls how momentum and heat
pro mix in neutral (non-st.ratlflletd) AO: 0.87 AO: 0.8573 (0.6, 1.1]
turbulence—affects air mixing FC: 0.68 FC:0.793
efficiency

tune_rprcon Dezirrr:;r;iioh:)avivnfz!\:lfrlglidr:i/:ter A0:0.00165 A0:0.001 [0.0008,

P FC:0.0014 FC:0.00113 0.002]

formation efficiency
Critical estimated inversion
tune_eiscrit strength above which to switch AO: 7 AO: 13.2992 [1, 8]
shallow convection
Critical estimated inversion
tune_sc_eis strength above, which to use AO: 7 AO: 9.6581 [1, 8]
modify cloud diagnostic
Variability range for terminal fall

tune_zvz0i . . AO: 1 AO: 0.6974 [0.4, 1]
velocity of cloud ice
Adjusts the asymmetry in
tune_box_liq_ | diagnosing liquid cloud cover—can AO: 3 AO: 1.2381 (1, 5]
asy shift how clouds respond to FC:3.35 FC: 3.393 !

environmental changes.
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178

179

180
181
182

tune_box_liq

tune_zceff_mi
n

tune_rhebc_la
nd

tune_rcucov

tune_rdepths

tune_rhebc_la
nd_trop

tune_rhebc_oc
ean_trop

f_theta_limit_f
raction

f_tau_limit_fra
ction

f_theta_decay

f_tau_decay
fsl
z0m_min

f_tau0

Sets the width for diagnosing cloud
cover from liquid water—affects
how cloudy the model thinks it is
Minimum value controlling how

cloud particles stick together—
affects formation of larger droplets
Relative Humidity (RH) threshold
for onset of evaporation below
cloud base over land
Convective area fraction used for
computing evaporation below
cloud base
Maximum allowed depth of
shallow convection
RH threshold for onset of
evaporation below cloud base over
land in the tropics
RH threshold for onset of
evaporation below cloud base over
sea in the tropics
Limits how much the decay of heat
mixing is suppressed in very stable
conditions
Similar to above but for
momentum mixing (wind-related
turbulence)
Influences how quickly turbulent
mixing decays at high atmospheric
stability—affects heat transport in
stable layers
Controls how fast turbulent
momentum mixing fades away—
affects wind stress decay

Surface stress tuning factor

Minimum roughness length for
momentum
neutral non-dimensional stress
factor

3 Optimization method

AO: 0.047
FC:0.05

AO: 0.025

AO: 0.825

AO: 0.075

AO: 20000

AO: 0.75

AO: 0.8

AO: 0.2

AO: 0.25

AO:1
FC:1

AO: 4

AO: 0.8

AO: 0.000015

AO:0.17

EGUsphere\

AO: 0.1008
FC:0.0265

AO: 0.0481

AO: 0.9863

AO: 0.1081

AO: 11200

AO:-0.538

AO: 1.2452

AO:0.323

AO:0.4774

AO: 0.3493
FC: 1.663

AO: 4.5782

AO: 0.3689

AO:
0.0000346

AO: 0.2711

[0.01,0.1]

[0.01,
0.075]

[0.4125,
1.2375]

[0.01,0.1]

[10000,
30000]

[0.6, 1]

[0.6, 1]

[0, 0.3]

[0, 0.6]

(2,7]

[0, 5]

[0.1,0.9]

[OI
0.00005]

[0.1,0.5]

In this section, we lay out a systematic approach in optimizing model parameters in ICON
XPP with the aim to improve the ENSO simulations. We first define the ENSO evaluation metrics
(Section 3.1), then describe how we estimate their sensitivities to parameter perturbations
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183  (Section 3.2). We formulate the cost function (Section 3.3), explain its approximation using
184  parameter sensitivities (Section 3.4), and conclude with a description of the optimization scheme
185  (Section 3.5).

186
187 3.1 ENSO metrics
188 The ENSO metric by Planton et al. (2021) is the basis for the model evaluation in this study.

189 It includes 21 different metrices in four different categories (tropical climatology, variability,
190 feedback processes and teleconnections). 17 of these metrices can be expressed as a function of
191  a single spatial (e.g., longitude or latitude) or time dimension, while the remaining four are
192  teleconnection metrices and which will therefore not used as a metric for our model evaluation.
193  The detail definitions of these metrics can be found in Planton et al. (2021) and also the website
194  (https://github.com/CLIVAR-PRP/ENSO_metrics/wiki).

195 Figure 1 shows four examples of the ENSO metrics in rows for each of the three categories
196 in columns. The climatology metrics show common model errors, such as the double ITCZ bias
197  (Fig. 1A1), which appears as excessive precipitation in the southern hemisphere tropics, both in
198 atmosphere-only and fully coupled reference run. An important caveat is that a pronounced
199  double-ITCZ persists in the atmosphere-only configuration, even with observed SSTs prescribed.
200 This implies that a significant fraction of the bias is generated within the atmospheric and land-
201  surface components themselves. Equatorial precipitation errors (Fig. 1A2) illustrate further
202  discrepancies in tropical rainfall patterns. Fully coupled simulations show less precipitation
203 compared with observation, and the atmosphere-only experiments overestimate the
204  precipitation. The cold tongue bias, a persistent issue where fully coupled models underestimate
205  equatorial SST, is apparent in Fig. 1A3. The minimum of equatorial SST is also shifted west in the
206  fully coupled model results. Zonal wind stress biases (Fig. 1A4) reveal substantial discrepancies
207  in both the magnitude and position of the trade-wind maximum, which appears displaced too far
208  west in the fully coupled simulation and too far east in the atmosphere-only experiment.

209
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Figure 1. Comparison of some ENSO Metrics for Observations (black), ICON atmosphere-only model (blue), and ICON
fully coupled (red) reference simulations for climatology (left), variability (middle) and feedback (right). The metrics
definition can be found in Planton et al. (2021).
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214

215 In terms of ENSO variability, the ICON XPP fully coupled reference run underestimates key
216  features of ENSO behavior. The ENSO amplitude is too weak (Fig. 1B1), the spatial pattern of SSTA
217  is too zonally confined and shifted westward (Fig. 1B2), and the seasonality of ENSO variance is
218 misrepresented, particularly in showing unrealistic peak during May to September and failing to
219  capture the sharp September—February peak (Fig. 1B3). The ENSO skewness (Fig. 1B4), reflecting
220  nonlinear asymmetry between El Nifio and La Nifia, is longitudinally out-of-phase and strongly
221  underestimated. Most ENSO feedbacks (Fig. 1C1—C3) are persistently underestimated.

222 Critically, ENSO feedbacks (Fig. 1C1-C4) are persistently underestimated. The Bjerknes
223  feedback (zonal wind stress response to SSTA) and thermal damping feedback (net surface heat
224  flux response to SSTA) are weaker than observed (Fig. 1C1-C2). Additionally, ocean coupling
225  metrics involving SSH-SST and SSH-wind stress correlations (Fig. 1C3—C4) show that coupled ICON
226  XPP model fails to reproduce realistic thermocline-related feedbacks. These biases likely limit
227  ENSO amplitude (Fig. 1B1) and skewness (Fig. 1B4) and are tied to overly strong mean upwelling
228  and cold SSTs (cold tongue bias, Fig. 1A3).

229 In the atmosphere-only simulations, only 8 ENSO metrics that measure atmospheric
230  variables can be used to evaluate the model performance. Five of these are shown in Fig. 1, and
231  theother three are the seasonal cycles of the zonal and eq. mean precipitation, and the eq. mean
232 zonal wind stress. We can notice that the model biases in the atmosphere-only simulations are
233  substantially different from those in the fully coupled simulations (Fig. 1), suggesting that the
234  coupling between ocean and atmosphere lead to substantial changes in model biases.

235
236 3.2 Parameter sensitivities
237 The sensitivity of the ENSO-metrics to each tuning parameter of the ICON model is estimated

238 by a set of perturbed parameter runs (detail see Section 2.3). For example, Figure 2 illustrates
239  the sensitivity in atmosphere-only experiments associated with the cloud conversion threshold
240 for cloud water to rain (tune_rprcon) and the cloud asymmetry factor parameters
241  (tune_box_lig_asy). Here the atmosphere-only control run is our reference for which we change
242  asingle parameter relative the value of the control run.

243

10
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245 Figure 2: ENSO metric of Pacific zonal mean precipitation (upper row) and zonal wind-SST regression (lower row) for
246 observations (black), reference atmosphere-only run (blue) and perturbed cloud conversion threshold (tune_rprcon)
247 parameters for atmosphere-only runs (red). Column 2 (A3, A4): correspond sensitivity estimate for each perturbation
248 runs (thin red lines); the ensemble means of them (thick red line) and the reference bias (blue line). B1, B2, B3 and B4
249  are for cloud asymmetry factor parameter (tune_box_liq_asy).

250

251 We can estimate the sensitivities of the ICON model (1) to each parameter (p) and for each
252  ENSO metric (m):

253 @) =2 @)~ 5 (9) W

254 Here ¢ is the physical variable measured by the ENSO metric m (e.g., precipitation as in Figs.
255  2A1 and B1, and wind-SST relationship in Figs. 2A2 and B2) and ¢ is the physical dimension the
256  metric is depending on (e.g., latitudes). A¢ is the change in £ relative to the control run, which
& (@) =¢ctn(9)
Pj—DPctrl
258  experiments, p sy is the value of parameter p in the control experiment.

257  means i—i((p) = , Pj is the value of parameter p value in one of the ensemble

259 The Root Mean Square (RMS) error of the control run to the observation is given by rms_;,;:
1 2

260 TMScer = \/; Zé\l:l(fctrl (‘Pt) - fobs((pi)) [2]

261 where N is the number of grid points or time steps along the dimension ¢@; (e.g., latitude,

262  longitude, or month), &, is the metric value in control simulation, and &, is the corresponding
263  observed value. Hence, a smaller RMS error value means the model agrees better with
264  observations.

11
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265 The RMS amplitude of the mean sensitivity A7 (¢)of ENSO metric m to parameter p is given
266 by A7
1 2 1 1 2
267 A= \/;ZL(AP’"(@)) = \/;Zi”ﬂ (G2r, 2 0) [3]
268 here A™ _ AN e) . h itivity of . id boi h
where A7 (¢;) = —ap S the sensitivity of metric m to parameter p at grid point ¢;, the

269  overbar () denotes the ensemble mean over multiple perturbation runs, and P means the
270  number of ensemble runs for each parameter p. Hence, in simpler terms, A7' quantifies how
271  strongly the model metric changes on average, when parameter p is perturbed. Larger A means
272  stronger parameter influence on that ENSO metric.

273 The uncertainty of the sensitivities among individual perturbed ensemble members is given
274 by std(43):

—\2
275 std(4m) = \/ﬁ 7 (ap - a7) [4]

_ \2 —
276 , where A;,’?: \/%Z{-V:l (Ag(¢1)) is the sensitivity for one ensemble member j and A7'=

277 %Zle A;’; is the ensemble mean of sensitivity over multiple perturbation runs. Hence, std(4}})

278  represents how consistent the sensitivity is across different perturbations. If std(Ay') is small,
279  the response of metric m to parameter p is consistent and reliable across different
280  perturbations. If it’s large, the model’s response changes unpredictably between perturbations,
281  which may result from the model nonlinearities or interactions with other parameters. Finally,
ap'
std(aph’
283  systematic sensitivity) to the ensemble spread (randomness or uncertainty). If ;" > 1, it means
284  parameter p has strong, robust, and consistent sensitivity on ENSO metric m. If ;* < 1, it means

285  the sensitivity is weak or inconsistent, likely obscured by noise.

282 the signal to noise ratio is given by 1" = It compares the mean signal strength (the

286 Fig. 2A3 shows the estimated values of A7'(¢) on the meridional precipitation structure for
287  the cloud conversion threshold parameter perturbation runs and the ensemble mean. Note,
SO
Pj=Dctrl
289  consider the observed values and is therefore not measuring a bias. It only estimates if £/p would
290 increase or decrease relative to the control run. We can further see that not all perturbed
291  parameter runs result into the same A, leading to some spread. This spread gives us some
292  indication of how uncertain these sensitivity estimates are which we can use later for the
293  optimization scheme. In the example shown in Fig. 2A1 we can note that the tuning parameter
294  has a significant influence on the tropical precipitation simulation, in particular at latitudes
295 around 7°N, and a 1> 1, which suggests a significant signal to noise ratio. The sensitivity of
296  different ENSO metrics varies across parameters. For instance, the cloud conversion threshold

288 Ayt = is a sensitivity in & /p relative to the control atmosphere-only run. It does not
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297  for cloud water to rain shows a stronger impact on meridional precipitation structure (Fig. 2A3,
298 1" =2.06) than on the wind-=SST correlation (Fig. 2A4, ;" = 1.44). In contrast, the cloud
299  asymmetry factor exhibits weaker sensitivities ;" for both metrics (Figs. 2B3, B4) compared to
300 the cloud conversion threshold (Figs. 2A3, A4).

301 Since the ENSO metrics differ in both magnitude and physical dimension, all metrics are
302 combined into a single composite normalized curve to allow the misfit to be minimized through
303  asingle scalar quantity. For example, for each metric m in the atmosphere-only experiments, we
304 first compute the model-observation difference A&, (¢) along its natural one-dimensional axis
305 ¢ (e.g., latitude for zonal-mean quantities in Fig. A1, longitude for equatorial averages in Figs. A2,
306 A4, C1 and C2), then (i) normalize the amplitude by the RMSE of the atmosphere-only control,
307 A&, (@) = A, (9)/rmsg,; and (i) normalize the axis ¢ to unit length, ¢ € [0,1]. The eight
308 normalized metric segments are concatenated sequentially to construct a single composite curve
309 y(y)defined over ¢ € [0, 8] (Fig. 3). By design, the composite RMSE of the control simulation
310 equals 1.0 (Fig. 2b). The optimization scheme therefore aims to minimize the amplitude (RMSE)
311  of y(i), representing the aggregated ENSO-model misfit across all metrics.

312
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314 Figure 3. Normalized and combined ENSO metric for the atmosphere-only simulations. (a) shows the observed (black)
315 and atmosphere-only simulation (blue) values of the combined ENSO metric. The x-axis is a combined dimension of
316 the 8 ENSO metrics used for atmosphere-only simulations with the labels marking which part of the x-axis
317 corresponds to which ENSO metric. (b) shows the difference between the atmosphere-only model run and the
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318 observations (red) with the RMSE value shown in the upper left corner. For 0-1, zonal mean precipitation; 1-2,
319 seasonality of zonal precipitation; 2-3, equatorial mean precipitation; 3-4, seasonality of equatorial precipitation; 4-
320 5, equatorial mean zonal wind stress; 5-6, seasonality of equatorial wind; 6-7, wind-SST feedback; 7-8, net heat-SST
321  feedback.

322

323 The sensitivity 47" will also be normalized by /T;,\" = i—i((f)). Because ZZ" depends on the

324  specific range of each model parameter p, direct comparison across parameters is not
325 meaningful without further normalization. To ensure comparability, the sensitivities are
326  standardized according to

o
327 nly = (5]
328 here g, is the standard deviation of the perturbed parameters p, which is approximated as

329 % of the parameter range in Table 1.

330 Figure 4a—b shows examples of the normalized sensitivities n/ﬁ:" for four representative
331 tuning parameters across the eight combined ENSO metrics in the atmosphere-only simulations.
332  Each sensitivity is scaled by the RMS error of the corresponding metric in the control run (e.g.,
333 rmsg, in Figs. 3A2 and A4), enabling a direct comparison across different ENSO metrics. The
334  sensitivities reveal that different parameters influence ENSO-related processes with distinct
335 amplitudes and spatial structures, yet many exhibit broadly similar patterns of response. This
336  similarity is quantified by the strong cross-correlations between parameter sensitivities (—0.83 in
337  Fig. 4a and —0.55 in Fig. 4b), indicating that several parameters act in comparable directions
338  within the ENSO-related error space. In practical terms, such strong correlations imply that the
339 effective degrees of freedom available for independent tuning are reduced: modifying one
340 parameter may partially replicate the effect of another, limiting the uniqueness of the
341  optimization solution.

342 Conversely, parameters that display weak or spatially incoherent sensitivities (e.g.,
343 f_tau_decay in Fig. 4b) contribute less to ENSO variability and exert limited leverage on the
344  overall ENSO metrics. This suggests that not all tunable parameters are equally influential, and
345  that focusing on the few parameters with large, structured sensitivities provides a more efficient
346  path for improving ENSO performance. Together, these results demonstrate that the ENSO-
347  related model behavior in the atmosphere-only configuration is controlled by a small subset of
348 interdependent parameters rather than by the full ensemble of 21 tested parameters.

349
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351 Figure 4: Normalized sensitivity of the combined ENSO metrics in atmosphere-only runs for four different tuning
352 parameters, (a): tune_entrorg and tune_rprcon; (b): prO and f_tau_decay. The correlation between the pair of
353 sensitivities is shown in the heading of each panel. The norm. X-dimension has same definition with in Fig. 3.

354

355 Figure 5 shows the RMS value of the scaled nAn, averaged over all eight ENSO metrics for
356 the atmosphere-only simulations. A mean RMS value of 1.0 corresponds to a sensitivity
357 magnitude comparable to the ENSO-related bias of the control run, implying that perturbing a
358  parameter by one standard deviation (o,,) would alter the ENSO metric by an amount similar in
359  strength to the model bias, though not necessarily with the same spatial pattern (cf. Figs. 3A2,
360 A4). Among the 21 tested parameters, only about six exhibit pronounced impacts on the ENSO
361 metrics, exceeding an RMS threshold of 0.2. This threshold was empirically determined as a
362  practical cutoff corresponding to roughly 20% of the control-run bias amplitude—Ilarge enough
363 to isolate parameters with meaningful physical influence, yet small enough to avoid spurious
364 noise from weak sensitivities.
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365 Given that these six parameters also display high inter-correlation in their sensitivity patterns
366 (e.g., Fig. 4a—b), the effective number of independent parameters controlling ENSO behavior in
367 the atmosphere-only configuration is likely much smaller than 21, and probably closer to two.
368 This finding underscores that ENSO biases in the atmospheric component are governed by a
369 limited subset of strongly interacting parameters, rather than by many independent degrees of
370 freedom.

371

All-metric Sensitivity to Parameters

0-7 T T T T T T T T T T T T T T T T T T T T T

RMSE

372

373 Figure 5: mean RMS values of the sensitivity of the combined ENSO metrics in atmosphere-only runs for all 21
374 parameters. A mean RMS sensitivity of 1.0 refers to a sensitivity as strong in amplitude as the atmosphere-only
375 control run biases. Parameters exhibiting RMSE values above the threshold of 0.2 (horizontal green dashed line) are
376 considered to have significant impacts on ENSO simulation during the atmosphere-only model tuning phase.

377
378 3.3 Cost Function
379 The cost function quantifies the overall model-observation misfit while penalizing large

380 deviationsin the parameter space. It is defined as a positive-definite function, with smaller values
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381 indicating a better fit to observations. For both atmosphere-only and fully coupled experiments,
382  the cost function consists of three components:

383 feost = Diimit (Ametric + Apara) (6]
384 Apetric quantifies how well the ENSO metrics are simulated:
Sm
385 Apetric = ZnM1=1 W Sotrt / 2%:1 Wm (7]
2
386 Here, 6,, = \/%Z?’zl ({ens,m(q)i) — Eobsm ((pl-)) is the RMS error of metric m (as defined in
387 Planton et al., 2021) in the ensemble experiments, and

2
388 5ctr|,m=\/%z:§v=1 (fcm,m (@) — &obsm ((pi)) is the corresponding RMS error in the control run (cf.

389  Fig. 3b), M is the number of ENSO metrics, which is 8 in the atmosphere-only and 17 in the fully
390 coupled experiments. This normalization is necessary because the ENSO metrics differ in units
391 and amplitude. Although using the control-run uncertainty as a normalization factor is a
392  pragmatic choice rather than an optimal one, it provides a first-order approximation. Each metric
393 is weighted by w,,, which determines its relative importance (set to 1 in this study for equal
394  weighting).

395 The second term, 4,,,,, penalizes large deviations of the tuning parameters from their
396 control values:

397 Apara = apara%Zf:l(Anpk)4 [8]

398 with K the total number of perturbed parameters, which is 21 in the atmosphere-only and
399 6 in the fully coupled experiments. p, are the parameters that are tuned in this study (e.g.
400 tune_entrog, pr0, tune_rprcon in Table 1). Anpy, is the normalized parameter change relative to
401  the control run:

402 Anp; = APk _ Pr—Pctri 9]
Oparay, Oparay,
403 In eq. [8] we have the power of 4 to allow for small changes in the parameter without

404  increasing the cost function. aperq = 0.01, is a scaling parameter to determine the relative
405 importance of model parameter deviations from the control with respect to the importance of
406  Ajetric- In short, Equation [8] acts as a regularization term that constrains the optimized
407  parameter values from deviating excessively from their control-run settings, thereby ensuring
408 physical plausibility and preventing overfitting of the model to the ENSO metrics.

409 Finally, the constraint term Aj,; ensures that parameters remain within physically
410 meaningful bounds (e.g., positive-definite quantities):

411 Djimic = Niimie + 1 [10]
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412 where ny;,;: counts the number of parameters that exceed their prescribed physical bounds
413  within a given parameter combination py. For example, if in one candidate parameter set p,, two
414  parameters take negative values that violate their positive-definite constraints, then 4;;,;; = 3,
415  which substantially increases f,,;. Consequently, such an unphysical parameter combination is
416  automatically discarded during the optimization process.

417
418 3.4 Approximating the ENSO metrics
419 Directly estimating 4,,.¢+ic requires rerunning the ICON model to compute each §,,,, which is

420 computationally expensive. As an alternative, we approximate 4,,... using the pre-calculated
421 parameter sensitivities n/T'\", under the assumption that the bias in each metric, §,,, can be
422  represented as a linear combination of these sensitivities:

~ sapprox _ K T;n )
423 O = O = Zk:lr{,’}(fos Anpy. - nA} [11]
424 Each sensitivity is weighted by its confidence ratio 7,7, as shown as 7" in Fig. 3b, to account

425  for uncertainty in the sensitivity estimates. Parameters with low signal-to-noise ratios (7,
426  contribute less to the cost function, ensuring that uncertain or noisy sensitivities exert limited
427  influence on the optimization.

428
429 3.5 Optimization scheme
430 The optimization process seeks to minimize f,,; using the Nelder-Mead simplex method

431  (Nelder & Mead, 1965; Luersen & Riche, 2004), a derivative-free algorithm that efficiently
432  searches parameter space through iterative geometric transformations—reflection, expansion,
433  contraction, and shrinkage. In this implementation, f. is evaluated using the linear
434  approximation 8,/""**, which avoids the need to rerun the ICON model for each parameter
435 combination and thereby reduces computational expense by several orders of magnitude. The
436  algorithm progressively adjusts the parameter ensemble until a local minimum of £, is reached,
437  typically requiring around 1,000 candidate parameter evaluations.

438
439 4 Results for atmosphere-only experiments
440 4.1 Performance of the Optimized Atmosphere-only Configuration

441 The initial tuning phase in this study involves perturbing 21 atmospheric parameters
442  individually to systematically evaluate their sensitivities using atmosphere-only simulations. Each
443  parameter's sensitivity is estimated by analyzing its impact on various ENSO metrics, following
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444  the method outlined in Section 3.2. The optimization process (Section 3) finds a set of optimal
445  values for all 21 parameters (Table 1) that minimize the cost function eq. [3]. Figure 6 shows the
446  normalized and combine ENSO metrics performance for the atmosphere-only run with the
447  optimized parameters and for the atmosphere-only reference run.

448 The ENSO metrics of the optimizes atmosphere-only run are nearly always closer to zero
449  than the control run, suggesting improvements in nearly all metrics for nearly all regions. The
450  overall RMSE error reduced substantially from 1.0 to 0.73. We can further notice the two ENSO
451  metric curves are similar (corr. = 0.85; Fig. 6), suggesting that the structures of the biases are the
452  same in the control and the optimized run. This means that persistent biases such as the double
453  ITCZ or the too weak wind-SST feedback are still present in the optimized run, but have
454  significantly reduced magnitudes.

455
. Difference to observation
—— Atmosphere-only reference run
3 —— Optimized run |
0 i
©
S |
S
o i
c
3 ,
-4 I I I I I I
0 1 2 3 4 5 6 7 8
456 norm. x-dimension

457 Figure 6: Normalized and combined ENSO metrics in atmosphere-only simulations for a simulation with the
458 atmosphere-only reference parameters (black) and for a run with 21 optimized parameters (red). A zero value suggest
459 a match to the observed reference. The norm. X-dimension has same definition with in Fig. 3.

460
461 4.2 Improvement in global climate beyond the cost function
462 The optimization scheme by construction reduces the value of the f,,s: (€g. 3), which can

463  only be achieved by reducing the value of A, z¢ric (€. 4). Thus, it is by construction that the
464  optimizes atmosphere-only run will have a smaller RMSE than the control atmosphere-only run
465 in ENSO metric values shown in Fig. 6. While the improvements in the ENSO metric are
466  substantial, it is still important to verify that the model simulations improve beyond the
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467  characteristics of the climate directly quantified by A, ztric- This can be done by evaluating the
468 climate simulations beyond the Pacific domain, as none of the metrics included in A, otric
469  consider climate variables beyond the Pacific domain.

470 Figure 7 compares the annual-mean biases in precipitation and surface wind stress between
471  thereference and optimized atmosphere-only runs. The analysis also summarizes area-weighted
472  RMS errors across three regions: the tropics excluding the Pacific (15° S—15° N, outside 150°-270°
473  E), the Northern Hemisphere extratropic (30°-60° N), and the Southern Hemisphere extratropic
474  (30°-60° S). Although the optimization was explicitly designed to reduce ENSO-related biases
475  within the tropical Pacific, the results show clear global improvements beyond the target tropical
476  region. Across all three regions and for all variables—precipitation, zonal wind stress, and
477  meridional wind stress—the RMSE decreases by approximately 5-27%. The largest fractional
478 improvements occur in the tropical Atlantic—Indian sector for precipitation, along Northern
479  Hemisphere storm-track latitudes for zonal wind stress, and over the Southern Ocean for
480 meridional wind stress. These results demonstrate that the ENSO-focused tuning yields emergent
481 global benefits, improving large-scale precipitation and momentum flux patterns well beyond the
482  Pacific basin metrics directly included in the cost function.

483
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485 Figure 7: Global maps of annual-mean biases in precipitation (A1 B1), zonal (A2 B2) and meridional (A3 B3) wind
486 stress for the ICON XPP atmosphere-only reference run ("Bias: Ref - Obs", left column) and optimized atmosphere-
487 only run ("Bias: Opt - Obs", right column), relative to observational datasets. Panel annotations summarize area-
488  weighted RMSE in three extratropic regions: (black) tropics excluding the Pacific (15°5—15°N, outside 150°—270°E),
489 (green) Northern Hemisphere extratropic (30°-60°N), and (blue) Southern Hemisphere extratropic (30°-60°S). RMS
490 NH, RMS Tropics, and RMS SH represent the root mean square values of bias in Northern Hemisphere extratropic,
491 tropics excluding the Pacific, and Southern Hemisphere extratropic, respectively. Decreases in the regional RMS
492  metrics denote improvement.

493
494 5.1 Parameters sensitivity for ENSO metrics in fully coupled experiments
495 Despite substantial improvements achieved in atmospheric processes in atmosphere-only

496  tuning experiments, the ENSO variability and key ENSO feedback mechanisms are naturally not
497  represented, indicating the necessity of coupled ocean-atmosphere tuning for comprehensive
498  ENSO simulation improvement. To address this, a second-stage tuning is conducted using fully
499  coupled fully coupled experiments. Based on the atmosphere-only sensitivity results (Fig. 5), six
500 atmospheric parameters with the strongest impacts on ENSO metrics are selected for fully
501 coupled tuning. Each of these parameters is perturbed individually across a range of values
502 informed by prior sensitivity analysis listed in Table 1.

503 To further examine the necessity of direct coupled-model tuning, Figure 8 shows the
504  parameter sensitivity analysis to fully coupled simulations, focusing on the cloud conversion
505 threshold (tune_rprcon) cloud asymmetry factor (tune_box_lig_asy) parameters. This analysis
506  mirrors the atmosphere-only-based results shown in Figure 2, enabling direct comparison of
507 parameter impacts across configurations. In contrast to the atmosphere-only case, where
508 perturbations to the cloud asymmetry factor showed relatively consistent impacts on tropical
509 precipitation and feedback strength, the fully coupled simulations exhibit more muted and
510 spatially variable responses. For example, for the cloud conversion threshold (row A in Fig. 8),
511 the meridional precipitation structure in the eastern Pacific shows muted and latitude-shifted
512 responses: ensemble spread is modest and the signal concentrates in the southern tropics (Fig.
513 8A1l), whereas the atmosphere-only case showed a stronger response with a northern-
514  hemisphere maximum (Fig. 2A1). The zonal wind-stress—SST coupling exhibits only moderate
515 ensemble divergence in the fully coupled model (Fig. 8A2), with a weaker and less coherent mean
516  sensitivity than in the atmosphere-only counterpart (Fig. 2A2). Once the ocean is interactive,
517 thermocline and background-wind adjustments partly compensate the atmospheric
518 perturbation, reducing—and sometimes relocating—the effective sensitivity. For the cloud
519 asymmetry factor parameter (row B in Fig. 8), fully coupled responses are smaller and more
520  spatially variable than in the atmosphere-only case. The precipitation metric (Fig. 8B1) shows
521  weaker, patchy sensitivities, while the wind-stress—SST coupling (Fig. 8B2) has a low signal-to-
522  noise ratio, again contrasting with the clearer signal in Fig. 2B2.

523 The results suggests that the cloud asymmetry factor and cloud conversion threshold
524  interact differently with coupled ocean-atmosphere dynamics compared with atmosphere-only
525 experiments, potentially due to compensating oceanic adjustments or altered mean state
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526 climatology. This divergence underlines the importance of conducting sensitivity analysis directly
527 in the coupled configuration rather than relying solely on atmosphere-only-informed
528  expectations. Actually, when the atmosphere-only optimized parameters are directly applied in
529  coupled fully coupled simulations, they resulted in unrealistic warming of global mean surface
530 temperature, approximately 7.3 °C higher than observations (results not shown). Therefore,
531 direct sensitivity analyses and parameter tuning within the coupled model context are not only
532  beneficial, but essential for realistic and stable ENSO simulation.
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535 Figure 8. Sensitivity of ENSO-relevant metrics to perturbations in the cloud conversion threshold (tune_rprcon) (A1-
536 A6) and cloud asymmetry factor parameter (tune_box_liq_asy) (B1-B6) from fully coupled simulations. Panels (A1-
537 A3 and B1-B3) show metric values from observations (black), ICON XPP fully coupled reference run (blue), and
538 perturbed parameters ensemble (ensemble) simulations (red) same with atmosphere-only sensitivity results in Figure
539 3. Corresponding sensitivity estimates are shown in panels (A4-A6, and B4-B6), including ensemble mean sensitivity
540 (thick red), spread (thin red), and reference bias (blue). The third row (A3, A6, B3 and B6) are for ENSO amplitude,
541 standard deviation of Sea Surface Temperature Anomalies (SSTA) in the central equatorial Pacific, which is not
542 included in the atmosphere-only results.

543

544 Figure. 8 also introduces ENSO amplitude sensitivity, which is not available in atmosphere-
545  only configuration. For the cloud asymmetry factor, the fully coupled model shows a consistent
546  increase in ENSO variability across ensemble members (Fig. 8B3), with a positive and coherent
547  ensemble-mean sensitivity (Fig. 8B6). This indicates that strengthening cloud asymmetry tends
548  to amplify central-Pacific SSTA variance, i.e., it acts to increase ENSO amplitude. In contrast, the
549  cloud conversion threshold exhibits a smaller and noisier response (Fig. 8A3, A6): the ensemble
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550 spread is larger and the mean sensitivity is weakly positive at best, implying a limited leverage of
551  this parameter on ENSO amplitude once the ocean is interactive.

552
553 5.2 Performance of the Optimized Coupled Configuration
554 In the fully coupled optimization, we adopt the same linear sensitivity-based tuning

555  framework used for the atmosphere-only experiments but recalculate the parameter sensitivities
556  within the fully coupled ICON XPP model. The cost function remains structurally consistent with
557 the atmosphere-only case, comprising a weighted sum of normalized RMSEs across selected
558 ENSO metrics. A key difference in this stage is the broader availability of ENSO-relevant
559  diagnostics. In contrast to the atmosphere-only case—where oceanic processes cannot be
560 resolved and certain feedbacks cannot be computed—the fully coupled model allows us to
561 include a complete set of ENSO metrics, as defined in the CLIVAR ENSO Metrics Package (Planton
562 etal. 2021). Each metric is normalized by the standard deviation across the perturbed ensemble
563 and equally weighted in the total cost. This approach enables direct comparison with
564  atmosphere-only results while appropriately accounting for coupled dynamics.

565 Figure 9 illustrates the impacts of coupled-model parameter tuning on ICON XPP's ENSO-
566 related metrics. Observations, fully coupled reference run, and optimized coupled-model
567 experiment are compared, providing insight into how tuning selected atmospheric parameters
568 affects ENSO simulation fidelity in the coupled framework. The optimized parameters’ values
569 V;ptcan be found in Table 1. A notable and concerning feature of the tuning results is that nearly
570 all six parameters selected for optimization exhibit opposite directional adjustments between
571  atmosphere-only and fully coupled simulations. Specifically, parameter values that required
572 increases in atmosphere-only tuning (e.g., entrainment rate or cloud asymmetry factor) are
573  foundto require reductions in the fully coupled tuning, and vice versa. This reversal suggests that
574  the nature of ENSO-related biases in atmosphere-only simulations differs substantially from
575 those in coupled configurations.

576

577
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581 optimized coupled-model experiment ("Optimized run_coupled", green dash line). The metrics
582  areidentical to those shown in Fig. 1.

583

584 Climatological precipitation metrics show mixed outcomes. The meridional precipitation
585  structure (Fig. 9A1) remains largely unchanged from the reference run, indicating limited
586  progress in correcting the double ITCZ bias. Zonal precipitation bias (Fig. 9A2) is slightly reduced
587  over the western Pacific (150°-200° E), though substantial errors persist further east. In contrast,
588 climatological SST (Fig. 9A3) exhibits a moderate reduction in the cold tongue bias across the
589  central-to-eastern equatorial Pacific, representing a partial improvement achieved through the
590 optimization. However, zonal wind stress (Fig. 9A4) shows minimal change, with the optimized
591 simulation closely resembling the reference case.

592 For ENSO variability, some aspects show improvement while others remain deficient. The
593  amplitude of SST anomalies (Fig. 9B1) increases toward observed levels, although the overall
594  variance remains underestimated. Seasonal phase-locking (Fig. 9B3) shows improvement,
595  particularly during boreal summer, with a reduction of the unrealistic early peak seen in the
596 reference run. The spatial structure of ENSO-related SST anomalies (Fig. 9B2) displays modest
597 improvement between 150° and 200° E, while skewness (Fig. 9B4) becomes more realistic in the
598 eastern Pacific (200°-260° E) but degrades in the central region, suggesting regional trade-offs
599  associated with the atmospheric-only tuning.

600 Feedback processes display a similar pattern of selective improvement. The Bjerknes
601 feedback (Fig. 9C1) and the thermal damping feedback (Fig. 9C2) show moderate enhancement
602 in the central Pacific (170°-200° E). The wind—thermocline feedback (Fig. 9C3) exhibits the
603 clearest improvement, indicating stronger coupling between wind stress and subsurface
604  variability. However, the thermocline-SST feedback (Fig. 9C4) remains largely unchanged,
605  highlighting that key oceanic processes are still inadequately represented despite the
606  atmospheric parameter tuning.

607 In summary, the coupled-model tuning yields valuable improvements in SST climatology,
608 ENSO amplitude, seasonal phase-locking, and air-sea coupling feedbacks. However, persistent
609 deficiencies in precipitation structure, wind stress patterns, and oceanic feedbacks highlight the
610 need for additional tuning to fully capture the dynamics of ENSO within the coupled system.

611
612 5.3 Comparison of ENSO metrics between Optimized Run and CMIP6 results
613 Figure 10 summarizes the ICON XPP model’s performance across four categories of ENSO

614  metrics—tropical climatology, ENSO characteristics, feedbacks, and teleconnections—comparing
615  the fully coupled reference run, the optimized coupled-model experiment, and a high-resolution
616  ICON configuration (Miiller et al., 2025b). The CMIP6 multi-model ensemble distribution (light
617  blue box, Planton et al., 2021) is also shown for context. In these normalized metrics, a lower
618 value indicates smaller deviation from observations and therefore better performance, with

25



https://doi.org/10.5194/egusphere-2025-5736
Preprint. Discussion started: 9 January 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

619 values below zero representing improvement relative to the CMIP6 ensemble mean. This
620 comparison provides a quantitative benchmark for assessing how the ICON XPP configurations
621  perform relative to state-of-the-art CMIP6 models.

622
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624 Figure 10. Summary of ICON XPP model performance across different categories of ENSO metrics—tropical
625 climatology, ENSO characteristics, feedbacks, and teleconnections—comparing the fully coupled reference run (“Fully
626 coupled model reference”, red point), optimized coupled-model experiment ("Optimized run_coupled"”, green cross),
627  fully coupled high resolution run for ICON XPP model (“high resolution_coupled”, black rectangle), optimized coupled-
628 model experiment with global mean temperature (GMT) correction (“Optimized run_coupled_GMT”, yellow triangle).
629 The CMIP6 distribution is shown as a boxplot with the box representing the interquartile range (25th—75th percentile),
630 the central line indicating the median, and whiskers showing the full model spread (minimum to maximum). See
631 Planton et al. (2021) for detailed definitions of all ENSO metrics and different categories. The ENSO metrics values
632 for observation are -2.43, -1.77, -2.27, and -6.82 for Climatology, Performance, Feedback, and Teleconnection,
633 respectively.

634

635 Despite showing limited improvement in overall tropical climatology biases, as
636 demonstrated by persistent precipitation errors, the optimized fully coupled run achieves
637 measurable advancements in key aspects of ENSO performance and feedback processes relative
638  to the reference simulation. Among the four ENSO metric categories, the most notable progress
639  occurs in the feedback metrics, where the optimized ICON XPP outperforms the CMIP6 multi-
640 model mean. However, for the other categories—tropical climatology, ENSO characteristics, and
641  teleconnections—the ICON XPP simulations still exhibit substantial room for improvement to
642  reach or exceed the CMIP6 ensemble average. Importantly, teleconnection metrics were not
643  explicitly included in the optimization process; their modest improvement therefore represents
644 an emergent response to ENSO-targeted tuning, suggesting that systematic parameter
645  optimization can enhance broader model performance beyond the specific metrics included in
646  the cost function.
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647 In addition to evaluating the reference and optimized runs, Figure 10 further presents the
648  results from an ICON XPP higher-resolving configuration (80 km atmosphere / 20 km ocean), as
649  described in Miller et al. (2025b). Previous studies have consistently demonstrated that
650 increasing model resolution generally leads to improved ENSO simulation performance, including
651  more realistic representations of ocean-atmosphere feedback processes, SST patterns, and ENSO
652  variability (Shaffrey et al.,, 2009; Roberts et al., 2018). Comparing the high-resolution
653  configuration to the low-resolution reference run confirms that increasing resolution will also
654  substantially improve ENSO Metrics in ICON XPP Earth System Model, especially in tropical
655  climatology and ENSO teleconnection simulations. Most notably, the impact of our optimization
656 result at standard resolution is comparable in magnitude to the improvement gained from
657 doubling model resolution. This equivalence—observed across several ENSO categories—
658 demonstrates the power of systematic linear sensitivity-based tuning as a computationally
659 efficient method for improving climate model performance. Given that our method matches the
660 effectiveness of a much more resource-intensive high-resolution setup, applying this tuning
661  strategy in high-resolution simulations has the potential to yield even greater performance gains.
662 Thus, the combination of systematic parameter tuning and increased resolution represents a
663  potential path forward for advancing ENSO realism in coupled climate models.

664
665 5.4 Global Mean Temperature Bias and Model Stability adjustment
666 While the primary objective of this study is to optimize ENSO-related processes, an

667 important unintended consequence emerged during coupled model simulations. Specifically, the
668  optimized fully coupled run ("Optimized run_coupled")—derived from ENSO-focused parameter
669  tuning—exhibits an unrealistic global mean surface warming, with a global mean 2-meter
670 temperature bias reaching +1.58 °C and local maxima up to +15.65 °C. This excessive warming is
671 not present in the reference fully coupled simulation, which remains closer to observed
672 climatology.

673 This warming bias is attributed to a destabilization of turbulent mixing processes, particularly
674 those governed by the heat and momentum mixing parameters (f_theta_limit_fraction and
675 f_tau_limit_fraction), which regulate limiting thresholds in the ICON turbulence scheme under
676  strongly stratified conditions. These parameters influence the reduction of turbulent exchange
677  coefficients in stable layers, helping to prevent excessive vertical mixing that could otherwise
678 lead to unrealistic near-surface warming (Dipankar et al., 2015; Heinze et al., 2017). In a revised
679  fully coupled experiment, we addressed this issue by reducing both of these parameters to 0.1.
680  The resulting simulation shows that global mean warming is effectively suppressed (global mean
681  bias reduced to +0.09 °C), while ENSO-related metrics (“Optimized run_coupled_GMT”, yellow
682  triangle in Fig. 10) remained largely unchanged and stable compared to the original optimized
683  run.

684 These findings underscore a critical lesson: although targeted tuning of ENSO metrics can
685 lead to meaningful improvements in tropical Pacific variability, it may simultaneously destabilize
686  other components of the global climate system if broader metrics (e.g., global mean
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687  temperature, AMOC index) are excluded from the cost function. Therefore, to achieve both
688 regional and global fidelity, future tuning efforts—especially within coupled models—should
689 include constraints based on large-scale climate indicators. This example demonstrates that our
690 linear sensitivity optimization is a powerful tool, but one that benefits from holistic design.
691 Including global-scale constraints will be a crucial step forward in enhancing the physical realism
692  and overall climate consistency of optimized Earth System Models like ICON XPP.

693

694 6 Summary and Discussion

695 Although the ENSO phenomenon has distinct impact on global climate patterns and extreme
696  weather events, accurate model representation of ENSO phenomenon is paramount for climate
697  research and prediction. By leveraging the comprehensive ENSO Metrics Package (Planton et al.,
698  2021), this study introduces a systematic, linear sensitivity-based optimization method to
699 enhance ENSO representation in the ICON XPP Earth System Model. The foundation of the
700 optimization method is a targeted ensemble of experiments of span the hyperspace of model
701 parameters. Here we consider 21 atmosphere parameters that are related to cloud cover,
702  microphysics and turbulence parameterization. Based on these experiments, the optimization
703  procedure estimates the sensitivity of the ENSO metrics to the parameters and generates the
704  best possible parameter combination for the optimization experiments.

705 The atmosphere-only optimization experiments demonstrate the effectiveness of the linear
706  sensitivity-based tuning approach in improving ENSO-related performance in ICON XPP. The
707  resulting optimized simulation achieved a ~30% reduction in the ENSO metrics cost function
708  (from 1.0 to 0.73), highlighting significant improvement relative to the reference run. Physically,
709  the optimized parameters lead to meaningful corrections in several key biases, including a
710 reduced double ITCZ pattern in meridional precipitation, improved zonal wind stress, and
711  enhanced representation of the Bjerknes and thermal damping feedbacks. Interestingly,
712  although the optimization targeted only ENSO-specific metrics, broader improvements are
713  observed in global precipitation and wind stress patterns. Hence, the atmosphere-only results
714  confirm that systematic, sensitivity-guided parameter tuning can effectively reduce model biases.

715 Following the atmosphere-only optimization, we conduct a second stage of tuning with fully
716  coupled ICON XPP simulations, repeating the perturbation experiments for the selected
717  parameters. Then, we recalculate parameter sensitivities within the coupled system and apply
718 the same linear sensitivity—based optimization framework. The improvement of ENSO
719  simulations by our optimized method is comparable with the effect of increase resolution in
720 model, and the ENSO feedback enhancements now position the optimized ICON XPP
721  performance better than the average CMIP6 model feedback metrics. Specifically, the
722  optimization vyields targeted improvements in several critical ENSO metrics, such as the
723  climatological SST distribution, ENSO amplitude, seasonality, and the wind-thermocline
724  feedback. However, certain ENSO-related characteristics—such as precipitation seasonality, SST
725  variance, and thermocline—SST feedback—remain largely unaffected by atmospheric parameter
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726  changes. These limitations underscore the importance of extending systematic tuning strategies
727  beyond the atmosphere, particularly toward ocean model parameters and background state
728  biases.

729 An important insight emerges during fully coupled tuning: while optimizing for ENSO metrics
730 improved regional performance, it inadvertently induces unrealistic global mean temperature
731 (GMT) warming. This warming bias, with global mean 2-meter temperature exceeding
732  observations by over 1.5 °C and maxima above 15 °C, is traced to destabilized vertical mixing due
733 to insufficient constraints on turbulent damping in stably stratified layers. The issue is resolved
734 by reducing the heat and momentum turbulence mixing parameters, restoring realistic GMT
735  values while preserving ENSO improvements. This result underscores that ENSO-focused tuning
736  alone may destabilize other components of the climate system if global metrics are excluded
737  from the tuning process. In future applications, constraints such as global energy balance, AMOC
738  strength, or GMT could be incorporated into the optimization framework to ensure broader
739  physical consistency.

740 In conclusion, this study demonstrates that our newly proposed linear sensitivity-based
741  optimization method effectively identifies and tunes key atmospheric parameters, to improve
742  representation of critical ENSO characteristics and feedback processes fidelity within the ICON
743  XPP Earth System Model. With greater computational resources, the approach can be extended
744  to multi-objective optimization that simultaneously targets ENSO metrics and large-scale climate
745  constraints (e.g., tropical mean SST, global energy balance, AMOC, GMT), and to broader
746  parameter spaces including ocean and sea-ice schemes. Doing this well will require a team effort
747  that combines climate process expertise, numerical optimization and uncertainty quantification
748  (e.g., ensemble design, regularization, and cross-validation against out-of-sample periods).
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