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Abstract. We analyse the evolution of convective diagnostics such as mixed-layer convective available potential energy

(CAPE), level of neutral buoyancy and precipitation rate as a function of lead time in the model uncertainty model-intercomparison

project. Four model physics packages are exposed to common dynamics to form a large single-column model dataset. We anal-
yse tendencies in an equatorial band over the Indian Ocean out to 6 hr lead time over one month. We prescribe dynamics
and initial conditions from an ICON-DYAMOND simulation after coarse-graining to 0.2 degrees. The physics suites represent
state-of-the-art global numerical weather and climate prediction models.

Correlation analysis shows that the spatial mean change of CAPE is not associated with precipitation rate, but it correlates very
well with mean mixed-layer drying across our suites. This systematic drying occurs below 700 hPa in some suites, especially
in the first hour. The sub-grid physics adjusts the initialised ICON state towards the native climate of each physics suite, in
particular at low levels.

We apply a column-by-column empirical orthogonal function (EOF) analysis to a two-layer representation of physics and dy-
namics tendencies, CAPE tendency and precipitation rate. The first EOF is associated with free-tropospheric tendencies and
nearly all precipitation variability, with neat compensation between physics and dynamics tendencies. The second and third
EOFs of each suite indicate that a imbalance between these terms in the mixed-layer correlates with the CAPE change at least

one of them, which are explained by temperature and humidity adjustments, but with little imprint on precipitation.

1 Introduction

Communal model intercomparison exercises may have serve various objectives, such as identifying the range of representations

of specific processes, feedbacks or spatiotemporal scales (e.g. Eyring et al., 2016; Wing et al., 2020; Haarsma et al., 2016).
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They may improve understanding of errors, including those in underlying model parameterisations. Biases between individual
models may foster understanding of each model on weather to climate time scales (e.g. Soden and Bretherton, 1994; Sengupta
and Boyle, 1998; Rodwell and Palmer, 2007; Williams et al., 2013; Bechtold et al., 2014b; Xavier et al., 2015; Lang et al.,
2023). This enterprise serves as learning opportunity for developers (Sengupta and Boyle, 1998; Rodwell and Palmer, 2007;
Williams et al., 2013; Schneider et al., 2017).

The biases form an important term in error budgets (e.g. Rodwell et al., 2018). Lead-time-dependent errors converge to lead-
time-dependent model biases if they persist in datasets with increasing sample sizes (upon statistical convergence). Insight
into the variation in underlying tendencies is critical for learning about model biases, model adjustment and, ultimately, errors.
While model tendencies are often utilised to investigate a single model, specific processes, individual parameterisations and/or
variables (e.g. Shutts and Palmer, 2007; Lang et al., 2023), the sources of tendency variance can be linked for targeted uncer-
tainty assessment (e.g. Williams et al., 2013; Rodwell et al., 2016, 2018; Christensen, 2020; Bengtsson et al., 2019). Given the
wide focus on individual schemes and variables, the linking, budget and constraining opportunities appear under-represented
in literature, especially efforts to bridge between the weather-oriented and climate-focused communities.

In this work, we analyse the evolution of convective diagnostics with lead time across multiple models as part of the Model
Uncertainty Model Intercomparison Project (MUMIP). We quantify associated adjustments, which occur after intialising each
model from the common non-native reference state. When models are initialized from such a non-native state, the models
adjust this state during a spin-up phase until they reach some equilibrium between their internal behavior and the external
forcing. It is thus important to develop methods that could help identifying such polluting spin-up variability and distinguish it
from physically meaningful variability. The aim of this study is to apply such a method to our dataset.

In MUMIP model physics ("sub-grid") tendencies under prescribed common dynamics ("advective, large-scale") tendencies
from a parent simulation, with an approach similar to Christensen (2020), but extended to multiple single-column models
(SCMs). Furthermore, MUMIP attempts to isolate the sub-grid parameterised physics uncertainty from uncertainty caused by
resolved model dynamics. When sub-grid physics (model physics) is not isolated, two-way-feedbacks between model physics
and the resolved dynamics are inevitable. By isolating model physics, we explicitly remove the two-way-feedbacks. This ar-
tificial isolation is very important because model physics is known to dominate uncertainties in atmospheric modelling (e.g.
Groot and Riemer, 2025; Selz et al., 2022; Baumgart et al., 2019; Zhang et al., 2019; Groot and Tost, 2023a; Melhauser and
Zhang, 2012). However, consequently, the assumption eliminates uncertainty resolved explicitly by dynamical cores from our
assessments, although it is known that they are not flawless.

We have built a comprehensive tendency dataset of the model physics of various models after exposing their common initial
conditions and forcing. This forcing is derived from the simulation of the Icosahedral Nonhydrostatic model (ICON) performed
at 2.5 km grid spacing within the first phase of the DYAMOND project (Stevens et al., 2019) ("observations", validation of
MUMIP). The models that participated in the MUMIP initiative include the Integrated Forecasting System (IFS) developed
at the European Centre for Medium-Range Weather Forecasting (ECMWF), the Global Forecast System (GFS) and Rapid
Refresh (RAP) system developed at the National Oceanic and Atmospheric Administration (NOAA) in the United States and
the ARPEGE-Climat model (hereafter: ARPEGE), which is the atmospheric component of the climate model developed at
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the Centre National de Rercherches Météorologiques, Météo-France (Forbes et al., 2021; gfs; rap; Roehrig et al., 2020). Each
of them runs in as SCM assuming a horizontal resolution of 22 km, whenever relevant. As opposed to other SCMs, NOAA’s
physics suites have a common SCM host, namely the Common Community Physics Package (CCPP) (Bernardet et al., 2024).
Similar to Williams et al. (2013), here we try to understand the structure and links behind tendencies and adjustments.

Finally, we focus on weather time scales as opposed to solely at climate time scales in many of the other "MIPs". In numerical
weather forecasts the numerical models are known to be more accurate than in free-running simulations (e.g. Bauer et al.,
2015). This is due to initialisation using data assimilation, and to a lesser extent, due to finer grids in horizontal and vertical
direction, tailored perturbation techniques and smaller time steps. At weather time scales, the initialisation and perturbation
techniques can be validated separately, which supposes more rigorous uncertainty sampling. A major advantage of incorpo-
rating weather time scales in our atmospheric analysis is that unknown unsampled uncertainties in a climate context may be

isolated in a realistic modeling framework (e.g. Groot et al., 2026b; Christensen, 2020).

Our MUMIP domain covers most of the Indian Ocean, where convective instability and precipitating clouds dominate the
(sub-)tropical atmosphere. Therefore, distributions of convective available potential energy (CAPE), both stratiform and con-
vective precipitation need to be known accurately, as well as the cloud outflow levels. This level can be estimated with the
level of neutral buoyancy. Constraining them is needed because convective processes like convective initiation may depend
on their description by models (e.g. Bechtold et al., 2014b; Mapes, 1993; Schumacher et al., 2004; Houze, 2004; Groot et al.,
2024; Groot and Tost, 2023b). Models, reanalysis and observations do not fully agree on their magnitude and distribution (e.g.
Buschow, 2024). Hence, we could argue that the true distribution of CAPE and precipitation are not known.

We quantify the distribution convective diagnostics within the MUMIP dataset. Furthermore, we apply a principal component
analysis to key physics tendencies and convection diagnostics from a two-layer-perspective to further identify the main con-
tributions their variability over our pseudo-Indian Ocean domain. The dynamics of this area is dominated by deep-convective
cloud development and its boundary with quiet high pressure systems in the subtropics (e.g. Sherwood et al., 2010). We will
also explore whether, and how, the change of CAPE and state variables are associated with precipitation (see, for instance,
Buschow, 2024). Our overall aim is to quantify spin-up and physically meaningful variability with the statistical analyses.

Thus, we here identify which spin-up plays an important role in the MUMIP and whether physics tendency patterns can be

generalised across multiple models.

In Section 2 we describe our simulation methods, datasets and diagnostics. In Section 3, we describe the results. In Sec-
tion 4, we discuss implications of the results for the interpretation of the MUMIP dataset, convective diagnostics and the wider

modeling context.
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2 Methods
2.1 Model uncertainty model intercomparison project: protocol

In the model uncertainty model intercomparison project (MUMIP) we aim to build a structured dataset of model uncertainty
for physics packages utilised across numerical weather prediction and climate models. For this purpose, single column versions
of each model’s native physics suites are integrated forward in time over an Indian-Ocean-like domain, using the strategies of
Christensen et al. (2018) and Christensen (2020). We select the single-column configuration, because this allows for controlling
the dynamical part of our tendencies, which is explicitly resolved in regular three-dimensional configurations of atmospheric
models. Initial conditions are borrowed from a common benchmark of the DYAMOND project (Stevens et al., 2019).

For each model we integrate 10.780.000 single column simulations over our domain mimicking this DYAMOND simulation. A
fixed three-hourly dataset drives the dynamics and initial conditions of single columns from 11 August 2016 until 10 September
2016. This benchmark dataset consists of the ICON convection-permitting output, coarse-grained to a spatial resolution of 0.2
degrees (Christensen et al., 2018; Christensen, 2020). Furthermore, topography (small islands) have been removed by bi-linear
interpolation. Hence, our domain represents as an ocean domain, very closely resembling the real Indian Ocean - from 51
degrees east to 95 degrees east and from 35 degrees south to 5 degrees north. Finally, above an altitude of about 45 km, which
is the top level available in the DYAMOND archive, profiles are initialised in an arbitrary way selected by each modeling center
[Christensen et al., in preparation].

The full dataset is linearly interpolated both in space and time to match the vertical grid and time discretization (5 or 10 min) of
each hosting model. The horizontal grid spacing is set to about 0.2 degrees, consistently with the source data. Hence, convection
is parameterised in the hosting models. Surface forcing can either be set to prescribed sea surface temperatures - which evolve
with time - or, alternatively, prescribed surface fluxes. In each case their values are derived from ICON. The arbitrary choice
has an effectively negligible effect on boundary-layer temperature and humidity. An extensive sensitivity test with IFS in each
of the settings is in preparation [Groot et al., in preparation]. All further settings are meant to closely resemble the default of
the host models.

We initialise the models every three hours and span 31-days. For each initialisation, we run them out to six hours lead time. The
pseudo-Indian-Ocean domain consists of 44.000 tiles initiated for up to 245 fixed sets of initial conditions. From all columns
we extract major subset that could be cross-validated to mimic ICON dynamically, which systematically excludes the 21 UTC
initialisation and, furthermore, one 18 UTC initialisation (see also Groot et al., 2026b). All other columns are investigated.
For more details of the simulation protocol, we refer to (Christensen et al., in preparation, Groot et al., 2026b, and Groot et al.,
in preparation,).

Since any column is

— connected to its "neighbouring" columns through advective tendencies and geostrophic wind forcing derived from pres-

sure gradients

— experiences a NWP column dynamics reasonably close to realism
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— experiences realistic vertical advection tendency, coarse-grained from the benchmark - ICON

our configuration constrains the model physics tendencies of each physics suite. This is because the physics tendency needs to
be consistent with the preceeding SCM state and benchmark forcing before and after any time step. These constraints may act
similar to an active dynamical feedback between an NWP model and a column, but their nature remains common and fixed in
our configuration.

Therefore, there may be a statistical misbalance between the dynamics and the physics, stimulating adjustments as if I[CON-like
"observations" and dynamics are assimilated into our SCMs. We exploit this statistical misbalance in our principal component
analysis to identify spin-up and regular, statistically balanced tendency components from physics suites.

The archive interval of SCM output is 30 or 60 mins.
2.2 Diagnostics

Key quantities under investigation are the following:

— Convective available potential energy (CAPE), which is the vertical integral of buoyancy of a parcel with respect to
its environment where positive. This quantity represents available energy which can be converted into kinetic energy

upon vertical ascent, per unit mass, and can therefore be translated into a theoretical maximum of vertical velocity to be

reached, Wy, = V2 X CAPE.

— Level of neutral buoyancy (LNB), which is the highest level of neutral buoyancy found in a column, capped at 18 km.

Convective available potential energy is diagnosed after regridding all the available datasets to a common vertical grid with
dz =100 m and applying further interpolation for buoyancy integration. Before we simulate the parcel lifting, a layer of 500
m depth is mixed to derive parcel characteristics before lifting in all cases. Buoyancy is calculated using virtual temperature

and the three following assumptions:
1. No dilution
2. A latent heat of condensation independent of temperature, thus neglecting the ice phase
3. Immediate removal of condensed liquid water

Other column diagnostics are derived on the native vertical grids, including precipitation rate, physics and dynamics tendencies
in the mixed layer and free troposphere, as defined in Table 1. For these diagnostics, we assume that the atmosphere can be
separated into a mixed layer (all model levels up to 500 m) and free troposphere, comprising all model levels above 500 m up

to the tropopause, assumed at 16.500 m. Mass weighted bulk tendencies for each of the two layers are computed and utilised.

Finally, we investigate variation across the diurnal cycle, e.g., as a proxy for statistical uncertainties in mean and variance

and non-stationarity caused by the diurnal cycle in the sampled PDFs. This only applies to parts of the analysis; in particular
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Table 1. List of model tendencies analysed.

Tendency Unit Short name
Total tendency of convective available potential energy J/kg/6h | DCAPE
Precipitation rate mm/6h | PREC
Temperature tendency from dynamics in the free troposphere K/6h -
Temperature tendency from dynamics in the mixed layer K/6h -

Specific humidity tendency from dynamics in the free troposphere | g/kg/6h | -

Specific humidity tendency from dynamics in the mixed layer g/kg/6bh | -
Temperature tendency from physics in the free troposphere K/6h -
Temperature tendency from physics in the mixed layer K/6h -

Specific humidity tendency from physics in the free troposphere g/kg/6h | -

Specific humidity tendency from physics in the mixed layer g/kg/6h | -

to inspect the CAPE and precipitation PDFs. Statistical linking with the principal component analysis is carried out on a

column-by-column basis, which by design samples the full statistics within our domain.

3 Results
3.1 Distributions of key diagnostics
3.1.1 Distribution of precipitation rate

A very fundamental property of each weather and climate model is its precipitation rate distribution, which may include global
and local biases (e.g. Roehrig et al., 2020). Figure 1 shows the PDF of precipitation rate of all output columns across four
model physics suites and the benchmark, the convection-permitting ICON, when represented at a common grid. Millions of
columns receive negligible precipitation accumulation (see also Groot et al., 2026b, for a discussion of trace precipitation). On
our logarithmic axis, we find a rapidly decaying PDF for low intensities (less than 20 mm/6hrs) in ICON, which looks like an
exponential decay on a log-axis. From about 20 mm/6hrs, precipitation rate decays in an approximately loglinear fashion, with
virtually no event above 90-100mm/6hrs.
The precipitation rate is broadly similar for five configurations. That means no systematic bias between the convection-
permitting benchmark and our physics suites appears, although this might be expected. For an extensive discussion of the joint
precipitation PDFs of physics suites and our benchmark, including their conditional biases, we refer to Groot et al. (2026b).
This work also suggests a coupling of precipitation to the dynamical forcing, which we also address further in the current work.
Besides the inter-model differences, we can also estimate variability of PDFs over the diurnal cycle from Figure 1. Structural

differences between day and night, which most likely occur over land and in coastal areas, remain limited. The diurnal cycle
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Figure 1. Logarithmic histograms of 6h precipitation rate for convection-paramterised IFS, RAP, ARPEGE, and GFS physics suites, along-
side that of coarse-grained convection-permitting ICON in grey. The solid line represents the median and the error bars represent the standard

deviation of six PDFs over the diurnal cycle, initialised from 00-15 UTC, every three hours.

shifts the PDFs slightly up and down and the difference between physics suites generally exceeds the variation across the
diurnal cycle.

In summary, we find that the precipitation distributions in the MUMIP physics suites are broadly similar. However, whether
the convective instability, which is a key driver of tropical convection, has a similar structure across our models is not yet clear.

Thus, we now delve deeper into convective diagnostics by comparing CAPE and LNB across physics suites.
3.1.2 Distributions of CAPE and highest LNB

Convective clouds frequently bring precipitation over the Indian Ocean domain. It is well-known that conditional convective
instability is an essential ingredient to kick-off the development of deep-convective clouds. We now look at the distributions
of mixed-layer convective available potential energy (CAPE, Figure 2), which is an indicator of vertically integrated convec-
tive instability. The quantity can be linked to key differences between the profiles of temperature and humidity among suites,
later in this Section. The vertical integral signified by CAPE represents the total amount of available potential energy when
parcel of low-level air is forced upward until it freely convects up to a clearly stable layer. The parcel may move upward to
approximately the tropopause if this is the first clearly stable layer. We have converted CAPE to their corresponding maximum
vertical velocity to compress the x-axis of the PDFs. Furthermore, the highest LNB approximately represents where convective
outflows and anvils spread out horizontally at the fastest rates.

Figure 2 shows the PDFs of CAPE and level of neutral buoyancy. We find that the benchmark ICON distribution (in grey) has

a clear bi-modal distribution of positive CAPE, with a high peak at values below 20 m/s and another lower peak at values at
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Figure 2. Logarithmic histograms of v/2 x CAPE (where CAPE indicates mixed-layer convective available potential energy), and level of
neutral buoyancy (LNB) in forecasts of four convection-parameterised physics suites represented by four colours. Grey lines represent the
histograms of the initial conditions, which corresponds with the ICON benchmark distribution of the same variables (after coarse-graining).
The solid line represents the median and the error bars represent the standard deviation of six PDFs over the diurnal cycle, initialised from
00-15 UTC, every three hours.

just over 60 m/s. Furthermore, the tail of the distribution of CAPE is rather compact, with a sharp gradient of the PDF at about
80 m/s. The median and standard deviation of six distributions plotted for ICON correspond to the different start times during
the day — little variation in CAPE is seen across the diurnal cycle.

CAPE distributions of the four physics suites compare reasonably well to the ICON benchmark, especially at low to intermedi-
ate CAPE. At intermediate CAPE,a local minimum is hardly distinguishable between 20 and 40 m/s. If visually distinguishable
at all, the secondary high CAPE peak shifts toward lower CAPEs in most physics suites, corresponding to = 50 m/s on the
X-axis, but not in ARPEGE forecasts. The shift is the most notable in GFS. At w4, > 80m/s the ICON benchmark PDF of
CAPE drops off sharply, whereas the other physics suites have an extended tail, and correspondingly, a much more gradually
sloping PDF; beyond wyq, & 100 — 110m /s in most physics suites and even w;,q, = 120m/s in RAP and ARPEGE.

The level of neutral buoyancy (LNB) shows a clear trimodal distribution, which is nearly indistinguishable between models at
very first glance. Therefore, we first describe the shape of the PDF across all configurations. We could define a zeroth mode
with stable stratification above the mixed layer. This stably stratified mode consists of the lowest two to three bins with an
LNB at or below the mixed-layer top, at 500m (followed by a minimum at 500 < LN B < 1000 m in the PDFs). For convec-
tively unstable cases, the first mode consists of predominantly subtropical shallow convection and tropical shallow to mid-level
convection. This first mode peaks between 850 and 500 hPa, i.e., 1.5-6km altitude. The second mode is a deep tropical mode.
In the deep mode LNBs frequently exceeds 14 km and reaches 16-17km occasionally. The separation of the LNB distribution
between sub-tropical and tropical bands is not shown explicitly here, but the clear fingerprint of a distinctive deep-convective
mode and shallow-convective modes suggests that our domain should be divided into at least two dominant cloud and circula-
tion regimes, where one represents the intertropical convergence zone and the other the subtropical latitudes.

Now we will look at the details of the PDFs of LNB and describe model discrepancies. The three modes are rather well cap-
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tured by all four physics suites. The LNB distribution differs most substantially from that of the ICON benchmark above 10
km altitude, with an overestimation of the LNB frequency for IFS and GFS between 10 and 13 km. Furthermore, the upper tail
extends distinctively further upward in all four physics suites than our benchmark, in particular in ARPEGE. In IFS and RAP
we observe slight downward shift of the maximum and some erosion of the peak of the PDF, although this is less strong than
in GFS.

On the very low end of the distribution, the different physics suites are also sorted in terms of LNB variability, indicating
slightly different tendencies in low-level LNBs between the four physics suites. This is likely related to some biases between
different suites in stratocumulus representation and that of the coinciding capping inversion. It manifests at levels of 500-1500
m, just above our mixed layer, which is associated with the treatment of the boundary layer and its interactions with the layer
just above clouds and/or a capping inversion. It is beyond the scope of this work to investigate boundary layer processes and
their interaction with overlying layers in very low CAPE regimes in all their detail. Instead, here, we will focus on describing
deeper convective instability in the form of CAPE and on their relation with specific humidity and temperature tendencies.

To wrap up the LNB distributions, the combination of
— the extended upper tail
— downward shift of the deep-convective maximum and reduced sharpness of the maximum of the PDF
— less distinctive minimum on the low end of the distributions of LNB

overall increase the LNB spread in the SCM simulations with lead time, especially in the deep-convective regime (with modal
LNB of 14 km). This may be caused by tendency transitions near stable layers that are overly smooth, partially mixing heat or
water vapour across, or at, a boundary where tendencies should decay rapidly. This remains speculative.

We have found subtle multi-modal trends in the PDFs of CAPE and LNB in the MUMIP domain. Upper tails of large convective
instability definitely grow massively, while on the contrary, the lower end of the PDF changes differently (i.e. towards decreas-
ing instability), with many columns appearing in this decremental regime (Figure 2, i.e., the differences between physics suites
and benchmark). Specifically, we often observe an overall decrease in CAPE within the second peak. Bi-directional contribu-
tions to change in CAPE (LNB) imply that these changes cannot be simplified to a single characteristic approximate response
occurring everywhere: implicit spatiotemporal variability in the CAPE and LNB tendencies is prevalent.

Therefore, we next investigate the spatial distribution of CAPE and precipitation over our domain and its variation with lead

time explicitly (next Subsection).
3.1.3 Subtropics vs. tropics

We have seen that the SCM simulations typically tend to forecast a reduction in the magnitude of CAPE in the high CAPE
mode, when initiated with our benchmark and over our domain. However, this is generally not the case for ARPEGE, which
appears to have much weaker typical CAPE tendencies. Furthermore, we have seen that the shape of the PDF of the diagnostics

is not preserved: a single characteristic (linear) response could not explain the change in CAPE and LNB everywhere. Now,
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we therefore investigate spatial variability in the diagnostics obtained with the ARPEGE and IFS physics suite, which are

representative for all four physics suites and the ICON benchmark.

Figure 3 shows the spatial distribution of precipitation rates over domain in two models. IFS has a significantly larger area with

heavy rain of 6-7 mm/6h than ARPEGE (consistently with Fig. 1). The location of the maximum coincides between the SCMs
240 and is located on the eastern flank at about 5 degrees south. Another peak in precipitation occurs at 5 degrees south near 65

degrees east. This second maximum also coincides between the models, and again the amplitude is weaker in ARPEGE than

in IFS. Furthermore, we find more subtle maxima right at the northern boundary of our domain.

Figure 4 shows spatial distribution of CAPE in IFS and ARPEGE. The maximum is situated in the same region where our
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Figure 3. Mean precipitation sum of IFS (left) and ARPEGE (right) for each 6h bin over the validated part of the time series, i.e., 6 to 7
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Figure 4. Mean CAPE of IFS (left) and ARPEGE (right) over each 6h bin over the validated part of the time series.

three precipitation maxima are found, generally within about 5 degrees of the equator. South of about 10-15 degrees south, the

10



245

250

255

260

265

270

275

https://doi.org/10.5194/egusphere-2026-1445
Preprint. Discussion started: 4 May 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

CAPE is typically marginal, with time averaged values below a 100 J/kg, or locally up to 200 near 15 degrees south. There is
some variation in mean CAPE across models near 15 degrees south, especially in the western part of the domain (Fig. 4).
Since the precipitation rate and convective instability is generally large near the equator, we define a 5 degrees band about the
equator as the equatorial band, although precipitation and CAPE in the westernmost part is reduced somewhat in all physics
suites (e.g., Fig. 3). A strong gradient between about 5 and 15 degrees south separates this inter-tropical convergence zone
(ITCZ) from a subtropical band with considerably lower monthly precipitation and CAPE. We define this southern half of the
domain, south of 15 degrees south, as subtropical region.
In summary, we can identify the two climate regions dominating our MUMIP domain and we can split up further statistical
analysis accordingly. Next, we focus on temporal dependence of CAPE and precipitation rate, which is dominated by lead time

dependence.
3.2 Lead time dependency: spin-up?

Figure 5a shows the evolution of the precipitation accumulation as a function of lead time. Both IFS and GFS exhibit a strongly
non-linear accumulation of precipitation, which indicates spin-up behaviour in physics suites. Initially, precipitation accumu-
lates rapidly in both models, before the precipitation rate reduces towards the end of the simulation. This pattern is clearly
visible in both interquartile range and the mean.

On the contrary, spin-up has been removed from the ICON benchmark and therefore, lead-time dependence should be small,
especially after removal of seasonal and diurnal cycles. In the native model climate, each model should have a relatively con-
stant precipitation rate. Note that the curves of especially GFS, IFS and RAP remain relatively parallel beyond about two hours
lead time.

Furthermore, the mean precipitation rate exceeds the upper quartile range in most models, which signifies that precipitation
accumulation of our domain predominantly occurs in a small number of columns over a narrow region: the equatorial band.
However, for GFS, the opposite is true: the upper quartile exceeds the mean precipitation accumulation and this is consistent
with the PDFs of Figure 1. Lastly, we can quantify the bias between GFS and ARPEGE precipitation rates more accurately
than before (Fig. 1), whereby the first exceeds the latter by about 100%, although this difference seems to be caused mostly in
the first hour.

Figure 5b shows the evolution of CAPE within the equatorial band as a function of lead time in each physics suite. Consistently
with spin-up patterns in precipitation rate, we find a large net CAPE tendency in the first interval for GFS and IFS in partic-
ular, which represents changes over 30 minutes (IFS) or the first hour (other models). On the contrary, the ICON benchmark
tendencies would be negligible. The benchmark simulation has been spun-up and should represent its native climate closely,
with near-zero mean net tendencies over the entire month.

After a rapid decline in CAPE, the IFS CAPE is nearly stationary. On the contrary, CAPE recovers gradually in ARPEGE and
slightly exceeds the initial mean CAPE. Furthermore, the upper quartile range of ARPEGE experiences a negligible decrease
in the first hour, which is comparable in RAP. However, on the contrary, the lower quartile of the ARPEGE CAPE decreases as

much as in IFS over the first hour, while it recovers later. This indicates that the spatial variance in ARPEGE CAPE increases
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Figure 5. Spin-up pattern of our diagnostics. Left: Cumulative precipitation as a function of lead time for our physics suites. Right: CAPE
in the equatorial band as a function of lead time for our physics suites. In each panel the solid lines represent the mean and the shading

represents the inter-quartile range.

with time, whereas such a pattern is not obvious in IFS. IFS has an interquartile range that broadly follows the mean.
The subtropical band has negligible CAPE (not shown). While this CAPE is also dependent on lead time, this dependency
looks broadly similar to that of the equatorial band. Furthermore, the bulk of columns has a negligible amount of CAPE (below
100 J/kg) and, hence, we refrain from in-depth analysis. We analyse the 31 day evolution of precipitation rate, LNB, CAPE of
all simulations in Appendix A.
In summary, our diagnostics depend strongly on lead time, with a substantial imprint on key convective diagnostics, such as
ITCZ precipitation and ITCZ CAPE. A substantial portion of the initial CAPE is destroyed in the first hour of our simulations.
We need to understand how exactly such spin-up in the SCMs affects our dataset. Underlying specific humidity and temper-
ature tendencies in the mixed layer and convective environment of the free troposphere must cause this CAPE decrement, but

incidental increment. We start by assessing the correlations between the spatial mean tendencies in the next Subsection.
3.3 Relating diagnostics: are physics tendencies and precipitation potential drivers of CAPE change?

The change rate of CAPE may directly inform convection parameterisations for convective mass flux calculations in certain
closures, although no uniform formulation of the quasi-equilibrium assumption exists (Arakawa and Schubert, 1974; Yano
and Plant, 2012). Therefore, we examine the change rate of CAPE in our comparison of physics suites. The closure of the
convective mass flux is particularly important at low latitudes because the ITCZ is located there - our equatorial band mostly
overlaps with the ITCZ. Reduction of CAPE is presumably related to precipitation rate within model grid cells, as precipita-
tion reduces convective instability. Even when non-native model states, such as assimilated states or in this study states from
another model, are inserted into any model, the relationship presumably holds in the area mean (Buschow, 2024). However,
mixed-layer drying, which reduces water vapour content, and cooling as well as upper-level warming by model physics may
modify CAPE significantly. This is particularly reasonable during spin-up: physics suites adjust their state to their native model

climate, which is likely associated with individually characteristic local temperature and humidity biases between suites.
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In recent versions of IFS, more sophisticated assumptions than the quasi-equilibrium are used (Bechtold et al., 2014b), fol-
lowing Donner and Phillips (2003). In this scheme, the boundary-layer tendencies play an important role in the closure of
CAPE, for instance through explicitly accounting for terms like moisture convergence. Non-equilibrium convection is repre-
sented better in such schemes (Bechtold et al., 2014b). In addition, the IFS scheme allows for more flexibility in the source
layer of convective overturning. Ultimately, both schemes will represent CAPE tendencies, but the mass flux closure differs
considerably. Hence, the relation between CAPE change rate and variables like precipitation could vary among the our physics
suites.

Nevertheless, we would expect to find some correlation when calculating the regression between the regional average DCAPE
(see Table 1) and precipitation rate (Buschow, 2024). DCAPE represents a physically meaningful quantity: the potential energy
gain or loss associated with convective overturning, which may be achieved by column water vapour and temperature tenden-
cies. The correlation patterns should be expected within each physics suite and across the suites, because all of the physics
suites start from virtually identical initial conditions.

Figure 6 (left) shows the relation between the area-mean precipitation rate in the equatorial band and DCAPE. Each physics
suite is represented by a different symbol and colouring follows the diurnal cycle. Little covariance is found between the two
variables if we consider variability across physics suites or within each suite; ARPEGE has some covariance between the two
variables and uses a DCAPE closure for convection [Christensen et al., in preparation]. However, any relationship fits poorly
within the equatorial band.

The right panel of Figure 6 shows the relation between the area mean mixed-layer humidity tendency and the DCAPE. The
linear correlation across all SCMs as well as within SCMs is obvious. Furthermore, a residual association of CAPE tendencies
with the diurnal cycle is also clear in some physics suites, but not in others. Residuals are particularly well sorted with respect
to the mean fit for GFS, which also has the highest correlation between the two variables among all suites. It suggests that
area-mean drying of the mixed layer is a dominant mechanism to cause CAPE tendencies, and its variation among suites,
within the equatorial band.

Moving to the subtropics (Figure 7), we find a generally stronger association between DCAPE and precipitation rate, al-
though this varies strongly among physics suites: correlations for ARPEGE are 0, whereas IFS shows a very strong correlation.
To some extent the residuals are also sorted according to the diurnal cycle. As opposed to Figure 6, the subtropical statis-
tics, which are however only weakly affected by convection (Figure 3), indicate more support for the area mean relationship
suggested by Buschow (2024) (this study has assessed a much wider region at low latitudes). If we look at individual model
tendencies, the free-tropospheric cooling is well-correlated with DCAPE in the subtropics. Further stratification of our dataset
follows the diurnal cycle as indicated by colours in Figure 7 (right panel). Typical mean tropospheric warming or cooling rates
are only weak, with values on the order of 0.2K/6hrs, but any tendency can critically affect CAPE. This holds especially in
regions with marginal CAPE. Furthermore, one would expect the free-tropospheric mean tendencies to correlate with precipi-
tation rate (as discussed later, in Section 3.5).

From Figures 6 and 7 we can derive clear geographical variation of tendencies and their effects. The main tendency that con-

tributes to CAPE tendencies is consistent with the shape of the Hadley cell: moisture accumulates near the ITCZ, building up
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humidity in four models. Colouring indicates the variation over the diurnal cycle. Squares: ARPEGE; circles: GFS; upward pointing triangle:
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Figure 7. Subtropical mean DCAPE versus (left) mean total precipitation rate and (right) mean free-tropospheric physics tendency of tem-
perature in four physics suites. Colouring indicates the variation over the diurnal cycle. Squares: ARPEGE; circles: GFS; upward triangle:

IFS; downward triangle: RAP. §: tendency of variable.

CAPE maxima which are strongly dependent on the exact humidity, but the CAPE is mostly absent in the subtropics, where
subsidence and cooling of the free-troposphere dominate and no significant water vapour is added to the atmosphere at upper
levels (e.g. Lang et al., 2023, 2021; Soden and Bretherton, 1994). Furthermore, we can conclude that other physics tendencies
than mixed-layer drying and free-tropospheric temperature change must also weakly contribute to CAPE changes in our do-
main. This is because, following from an estimated fit by eye, zero-tendencies in Figures 6 and 7 (right panels) do not coincide
with an expected mean DCAPE of 0. While weak statistical signals are found for the mixed-layer temperature tendency from

physics, we find them comparatively unimportant and do not show them explicitly.
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Figure 8. Profile of net change A of g, (left) and temperature (right) profiles for each physics suite (up to 70 hPa). The solid lines represent
the 6hrs forecast and the dotted line the 1hr forecast. The envelope of variation of the mean adjustment profile over the diurnal cycle is

indicated by light shading, which covers 6 out of 8 initialisations per day.

3.4 Bias and adjustment

A clear relation between mean CAPE tendencies and mean specific humidity tendencies in the mixed layer from the physics has
been established across the physics suites. In addition, only a weak connection to precipitation variability has been established,
or even none at all. In the following, we first analyse the mean profiles of specific humidity and temperature change after 1hr
and at the end of the simulations. This is important because they modulate both the dry-adiabat at low levels and the moist
adiabat higher up, each of which project onto our convective diagnostics. The variation in net changes must be dominated by

physics differences, because our experiment imposes fixed dynamics by design.
3.4.1 Specific humidity

First, we quantitatively analyse the mean ¢, change over the 6 hour window. Starting from near the surface, each of the physics
suites in Figure 8 (left) has a net sink of humidity at low levels, which is in the mixed layer (below ~ 970 hPa). The water
vapour is extracted from a layer which varies in depth across the suites: in ARPEGE and RAP, the layer is less than 100 hPa
deep. In IFS, the thickness over which we find a humidity sink is deeper and in GFS it is the deepest: about 300 hPa, spanning
from near the surface up to 700 hPa. On the contrary, we find a net positive change of humidity in RAP between 900 and 800
hPa. Similarly, a much thinner layer with a net humidity gain is found in ARPEGE near 900 hPa. Finally, above 650 hPa, we
typically find a slight humidity gain, although IFS has a small humidity sink further up. However, the magnitude of mid-to-
upper-tropospheric humidity tendencies is naturally limited by the saturation.

If we look at the temporal evolution of the sink in the mixed layer, it evolves nearly instantaneously in GFS: little difference is
found between the profiles at 1hr and 6hrs lead time. Similarly, for IFS, both profiles of humidity adjustment look quite com-
parable. However, the mixed-layer is still drying between 1hr and 6hrs lead time, especially at the lowest levels. Nevertheless,

the rapid adjustment of IFS and GFS is consistent with the evolution of CAPE and precipitation accumulation as a function of
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lead time in Figure 5. On the contrary, the adjustment profiles of RAP and ARPEGE differ significantly between 1hr and 6hrs
lead time. At the lowest levels, the mean humidity adjustments occur very slowly in RAP, although it is rapid near 900 hPa.
However, in ARPEGE, the mean mixed-layer drying initially undershoots the drying at 6hrs lead time. In addition, the shape
of the adjustment profile varies substantially with lead time.

The adjustment profiles remain very similar when sub-setting for the equatorial band, but generally, the amplitude increases
a little bit (not shown). The vertical structure of net change shows similar structures as for the overall mean. Furthermore,
generally, the amplitude of net change increases somewhat with increasing initial humidity (not shown). This is expected, such
that the relative change between initial time and 6hrs lead time is comparable to Figure 8. Therefore, using the mean profile of
specific humidity, absolute mean humidity tendencies can approximately be translated to relative changes.

In summary, significant drying in the lower troposphere occurs rapidly in GFS and IFS, with a strong adjustment in the mixed
layer and a decay of this adjustment pattern between 900 and 700 hPa. Instead, RAP and ARPEGE show multi-modal vertical
adjustment with contrasting behaviour between the levels of shallow clouds (about 850 hPa) and the lowermost mixed-layer
(=~ 970 hPa). The latter dries in all simulations. Furthermore, the evolution of net tendencies is complicated in ARPEGE and
slower in RAP compared to IFS and GFS. This adjustment pattern may largely govern the evolution of CAPE over the first
hour in Figure 5 (left).

3.4.2 Temperature

Moving on to the temperature adjustment of Figure 8 (right) we find weak net changes above 600 hPa. However, the mixed
layer warms by about 0.5K in ARPEGE, with a considerable variation over the diurnal cycle. The warming extends upward to
about 800 hPa. In combination with the humidity adjustment, which strongly varies with lead time for ARPEGE (left panel), the
warming could explain the CAPE increase in this suite (Figure 5, left). Both mean humidity and mean temperature of the mixed
layer increase beyond lhr lead time in this suite. In combination with weak temperature tendencies, which are predominantly
negative further up in the free troposphere, the mixed-layer signal implies CAPE must increase.

On the contrary, GFS and IFS indicate a strong warming of similar magnitude above the mixed layer, between 900 and 800 hPa.
This may enhance stable stratification, and it could even create an inversion under specific conditions. Overall, the convective
stability will increase near 850 hPa. This further favours a decrease of CAPE. Finally, temperature adjustment in RAP is much
weaker than in the other physics suites. If attributable to any specific process, it suggests the fingerprint of RAP CAPE is more
likely dominated by the mixed-layer drying.

3.4.3 Synthesis

The differences in adjustment profiles indicate that the boundary layer physics and stratocumulus and shallow convection
are likely represented differently across physics suites. Shallow cumulus and stratocumulus would mix the lowest 2-3 km of
the atmosphere effectively, and hence, should increase the humidity near 800-850 hPa and cool this layer. Differences across
models suggest potential over-representation in RAP compared to the benchmark, but under-representation in GFS - and less so

- IFS. These patterns will affect convective instability metrics like CAPE. The exact interpretation remains very speculative for
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now and goes mostly beyond the scope of this work. For an extensive discussion regarding a rationale and consistent findings,
we refer to Bechtold et al. (2014a) and references therein, who present a previous version of IFS, and the more recent cycle 47
(see Forbes et al., 2021; Bechtold et al., 2020).

We have found a noticable spin-up of CAPE and precipitation. Furthermore, we have identified that specific humidity and, to
a lesser extent, temperature tendencies seem to directly explain area mean change rate of CAPE. In the following, we are going
to inspect the EOFs of physics and dynamics tendencies in the mixed-layer and free-troposphere, and their association with
CAPE and precipitation variability. From here, we focus our column-by-column comparison in the equatorial band, where
precipitation and CAPE depend strongly on lead time (Figure 5). We can quantify to which extent the profile adjustments,
which cause the profiles of Figure 8, imprint on CAPE and precipitation evolution. Subsequently, we revisit the suggested
relationship in Figure 6 (right). Furthermore, the EOFs objectively quantify the similarities of tendencies across physics suites,
in response to a common forcing, providing an opportunity to estimate the importance of dominant variance modes . Our
approach is comparable with Lambert et al. (2020), but retains two layers instead of detailing vertical profiles. Finally, we

overcome the limitation of comparing area means.
3.5 Empirical Orthogonal Function analysis: physics relations and spin-up

We apply the classical empirical orthogonal function (EOF) analysis (Lorenz, 1956) and investigate a dataset of SCM ten-
dencies (see table 1). Thereby, we normalise variables with respect to their standard deviation. Furthermore, we assume the

following:

— the long-term mean of the sum of physics and dynamics tendencies should go to zero in a stationary climate simulation

with (near-)stationary forcing
— the long-term mean of DCAPE should go to zero under (near-)stationary forcing

— any net physics tendency is expected to be compensated by the opposite dynamical tendencies. Theoretically, this is valid

in the long run and any model in its native climate should closely follow this assumption on much shorter time scales.

Therefore, we expect certain EOFs of tendencies in our approach to project onto near-zero CAPE change rate and we ex-
pect nearly perfect compensation between physics and dynamics tendencies for EOFs that behave stably in our SCMs (i.e.,
AXphysics © —AXdynamics). Accordingly, the tendencies would statistically cancel out in the long run. On the contrary, EOFs
that project strongly onto CAPE change, or with a strong deviant amplitude between physics and dynamics, are suggested to
reflect spin-up patterns, which drive initial adjustment, such as shown in Figures 5 and 8. Furthermore, some associated spin-up
variability might be projected onto GFS and IFS precipitation, since we find precipitation rate is lead-time dependent (Figure
5). In addition, dipoles of free-tropospheric and mixed-layer tendency pairs indicate vertical exchange processes like convec-
tive mixing. In such cases, the dominant balance of physics and dynamics tendencies might involve four tendencies rather than
two.

Finally, we may hypothesise that a misbalance between physics and dynamics in the low-level humidity tendencies could cause

the CAPE and precipitation evolution of Figure 1.

17



https://doi.org/10.5194/egusphere-2026-1445

Preprint. Discussion started: 4 May 2026 EG U h \
© Author(s) 2026. CC BY 4.0 License. spnere

FT
ML
FT
ML

- = - = - =
1 | | | E| z| EI EI E| z| EI zI E| z| EI EI
w c c c c > > > > w c c c c > > > >
o (@] > > > > &£ £ £ <£ a (@] > > > > £ £ £ <
%exp,PC 0 2 2 B 8 8§ & 2 & § %eppc g 2 & 8§ 8 2 & § &
s} a w0 w0 w0 w0 w0 w w [s) w0 a (o) w0 ['s) ['s) w w w {'s}
o« 0 NN -[HE HEE
18.0 2 16.3 2
12.7 3 13.8 3 0.2
13.8 4 10.9 4
0.1
39 5 6.8 5
0 2 4 6 8 0 2 4 6 8 —
_ — — — 0.0 é
g E‘I - E‘I £ E iy E‘I £ E K EI k5
w c c > > w c c > >
S 9 55334455 % S Y5538 4548355 |0
%exp,PC O 2 P P & 0 £ £ & O %expPC U 2 P ©f o & & & o o
(s} o L) Le) w0 Le) Lo} Lo} Le} L) w a Le] Lo w0 o Lo} Lo} w0 w0
18.4 2 ‘ 16.5 2
13.4 3 119 3
11.6 4 13.3 4
48 5 6.2 5
0 2 4 6 8 0 2 4 6 8

Figure 9. Empirical orthogonal functions of column-by-column tendency dataset in the equatorial band. The EOF amplitude is multiplied
by the corresponding normalised explained variance to obtain ¢, whereby variability in dominant EOFs is emphasised implicitly. Left top:
IFS; Right top: ARPEGE; Left bottom: GFS; Right bottom: RAP. PC: Principal component, with no.; Exp: explained; Q: specific humidity;

T: temperature; phy: physics tendency; dyn: dynamics tendency; ML: mixed layer; FT: free troposphere; : tendency of variable.

The first five EOFs of each physics suite are visualised in Figure 9. Together, these EOFs represent 96-97% of the total
variability in the dataset of each suite, which means that the least important EOF in this visualisation (EOF5 of IFS, left top)

430 represents about as much variability as do the ranks 6 to 10 combined for each physics suite.

3.5.1 EOF1

The first EOF is associated with 48% of the variability in each physics suite. Being dominated by precipitation, which is

— strongly anti-correlated with physics humidity tendencies of the free troposphere (hence, as expected, strongly correlated
435 with dynamics humidity tendencies)

— strongly anti-correlated with dynamics temperature tendencies of the free troposphere (hence, as expected, strongly
correlated with physics temperature tendencies)

this EOF represents the main physics of precipitation variability. It is nearly uncorrelated with DCAPE in GFS. In other mod-
els, the association with DCAPE is of changeable sign and slightly stronger, but still very weak compared to the leading order
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variables. Furthermore, a balanced compensation between physics and dynamics tendencies is of leading-order importance.
The combination of balanced compensation and weak DCAPE signal in this EOF indicates it manifests little, if any, spin-up
tendencies. This EOF is apparently also emerging strongly in Groot et al. (2026b), where it is effectively demonstrated that our
SCM tendencies in the free troposphere associate strongly with precipitation rate beyond 3hrs lead time.

Upon very close numerical inspection of the exact amplitude of free-tropospheric humidity physics tendency in EOF1, slight
overcompensation of the corresponding dynamics tendency appears: the physics tendencies and precipitation have roughly
5-10% stronger amplitude than the corresponding dynamics tendencies across SCMs in this EOF. However, upon assessing
EOF1 derived for 1hr lead time, this offset across SCMs does not appear to be correlated with the higher initial precipitation
rates in GFS and IFS (Figure 5), although one may expect so. This could suggest that the precipitation signal causing spin-up
in GFS and IFS is not coupled the usual way to the prescribed dynamics, but instead a removal of some other sort of excess
humidity, although this remains speculative.

Finally, each model shows a rather weak association of EOF1 with mixed-layer tendencies.

From the experimental perspective, EOF1 is effectively derived from prescribed dynamics of the free troposphere and has
strong commonality between all the models. Lower order EOFs associate only very weakly with tendencies in the free tropo-

sphere.
3.5.2 EOFs24

EOFs 2-4 represent 11 to 18 percent of the total variability in the dataset. For each EOF we effectively find substantial am-
plitude in mixed-layer tendencies and DCAPE only. Correspondingly, their assocaition with precipitation rate is negligible. In
three out of four SCMs, namely IFS, GFS and RAP, EOF2 is dominated by humidity tendencies from the physics. However,
in ARPEGE, this variable dominates EOF3. It is very plausible that variability of EOF3 of ARP mostly overlaps with EOF2
in other models. This is a plausible consequence of EOF analysis, where EOFs are often sorted by the magnitude of their
explained variance. Furthermore, EOF2 (EOF3 in ARPEGE) still associates rather weakly with DCAPE in three out of four
models. In GFS, however, mixed-layer drying from the physics projects considerably onto CAPE destruction, which is consis-
tent with Figures 5, 6 and 8.

If we look at EOF2 (EOF3 in ARPEGE) and assess the balance between physics and negative dynamics tendencies, such bal-
ance appears to hold very well for IFS and RAP. Instead, mixed-layer temperature and humidity tendencies of the dynamics
appear to be significantly weaker in ARPEGE and GFS than their physics counterparts. Hence, it appears as if the physics is
overcompensating the dynamics tendencies in this EOF (no. 2 for GFS, 3 for ARPEGE). Despite overcompensation, ARPEGE
does indicate a strong effect on DCAPE, which presumably underlies vertical shifts of the tendencies between physics suites
and their measure of deviation from balance.

EOF3 (EOF2 in ARPEGE) has a pronounced association with DCAPE across all suites. The DCAPE has dominant positive
correlation with dynamics tendencies in the mixed layer within this EOF, which is dominated by humidity (IFS, ARPEGE),
temperature (GFS) or neither of the two (RAP). Interestingly, its dominance by humidity in IFS and ARPEGE (EOF2) is not

balanced with compensating physics tendencies - their amplitude is negligible. Furthermore, IFS shows a weak relation be-
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tween forced dynamical warming and warming by the physics. On the contrary, GFS indicates that both dynamical temperature
and humidity tendencies are correctly compensated, albeit by weaker physics tendencies than their dynamics counterparts. Fi-
nally, in RAP, we find a pattern very similar to IFS.

EOF3 (EOF2 in ARPEGE) has an imprint on CAPE tendencies across all physics suites, but no significant relation with pre-
cipitation.

In EOF4, which is common between all SCMs, we find anti-correlation between dynamics temperature and humidity tenden-
cies in the mixed layer. This contrasts with EOFs 2-3 for each model, although EOF2 in GFS has very little association with
temperature tendencies. The physics and dynamics tendencies appear to balance relatively well in this component, except for
physics tendencies of humidity in ARPEGE, with too low amplitude. This results in weak association with DCAPE for most
models, although less so for ARPEGE.

EOFs 5 (and further) represent less than 7 to 11% of the variance. While EOFS5 is interesting for its representation of connec-
tivity between free-tropospheric and mixed-layer tendencies, it explains 4 to 7% of the variance, which is about half to a third
of EOFs 2-4. Hence, we refrain from analysing EOFs 5-10 in detail.

Summarised, EOF3 (EOF2 in ARPEGE) is the dominant mixed-layer component that associates with DCAPE variability in
three out of four models. In GFS, EOF2 and EOF3 jointly dominate the DCAPE variability. Generally, too much drying by
the physics (EOF2, GFS) or insufficient moistening by physics tendencies (EOF2 of ARPEGE and EOF3 of IFS) in the mixed
layer causes considerable CAPE changes. Similarly, off-balance cooling or warming by both physics and dynamics may lead to
CAPE changes (EOF3 in RAP, IFS). Neither humidity adjustment, which may dominate low levels in Figure 8 (left, especially
GFS), nor temperature adjustment (right, ARPEGE) controls DCAPE in isolation from other tendencies.

While CAPE changes cannot be attributed solely to mixed-layer drying by the physics, the CAPE balance involves tendencies
restricted to the mixed layer. Furthermore, the mechanism behind lead time dependence of precipitation rate in GFS and IFS re-
mains unclear. Finally, the free-tropospheric tendencies form a single EOF. However, three comparable orthogonal components

blend into net mixed-layer tendencies.

4 Implications
4.1 Summary

The choices made in physics suites and, more broadly, parameterised model physics have a profound effect on convective di-
agnostics in our experiment. The fingerprints of four physics suites are compared against a benchmark - convection-permitting
ICON - over the Indian Ocean. The precipitation PDFs are very similar across the physics suites. Non-stationary evolution of
CAPE and precipitation rate with lead time is found in IFS and GFS, as well as ARPEGE (CAPE). RAP does not have a clear
non-linear CAPE evolution with lead time. On average, we find a reduction of CAPE in the moderate-to-high part of the CAPE
PDF, which is associated with the ITCZ. Nevertheless, ARPEGE recovers this CAPE, after an initial decrease. Furthermore,
extreme CAPE values are also more probable for each physics suite than in the ICON benchmark. Similarly, the level of neutral

buoyancy (LNB), an estimate for the level of maximum outflow rate of convective anvils, tends to decrease in the ITCZ, where
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values of 14km are typical. Conversely, as for CAPE, the frequency of extremes increases in all physics suites. Furthermore,
as for CAPE, ARPEGE shows no clear shift of the secondary peak of deep-convective LNBs, or perhaps a slight upward shift.
The area mean CAPE change in the ITCZ is very well correlated with area-mean mixed-layer drying, despite a weak correla-
tion with precipitation rate. This holds across all physics suites and stands out especially for GFS, which has the most profound
drying. Furthermore, the diurnal cycle modulates this correlation patterns, as do other tendencies (Figure 7). At subtropical
latitudes, the free-tropospheric temperature tendencies correlate with the mean CAPE tendencies, but they associate weakly
with the mean CAPE tendencies there.

The mean adjustment profile of humidity indicates that mixed-layer drying occurs in all suites (Figure 8). Substantial and rapid
drying occurs in IFS and GFS from the surface up to almost 700 hPa. On the contrary, the drying evolves gradually in RAP at
a similar rate, albeit over a shallower layer. Finally, ARPEGE initially dries, but then re-moistens. In addition, the layer above
(900 hPa) moistens in ARPEGE and RAP.

Furthermore, ARPEGE has distinctive warming from the surface up to 800 hPa. While other models reveal comparatively
weak adjustment directly above the surface (£0.15 K), warming by 0.5-0.6 K is found for IFS and GFS at about 850 hPa, and
cooling by about 0.3K is found in RAP at similar levels.

In a column-by-column EOF analysis of tendencies, change rate of CAPE and precipitation, we find that precipitation is
strongly associated with free-tropospheric humidity and temperature tendencies, which explains about 48% of the variance
in each dataset. These tendencies correspond strongly with anti-correlation between physics and dynamics. On the contrary,
EOFs 2 to 4 project strongly on the mixed-layer tendencies, some of which are less balanced than EOF1. The second EOF
in most models (third in ARPEGE) reveals the strongest signal in mixed-layer drying. This is associated with negative CAPE
change in GFS, but less so in other models. The third EOF (second in ARPEGE) shows a strong association with CAPE change
across the physics suites. The mixed-layer physics humidity tendency under-compensates the dynamics tendencies, hence this
reduces the CAPE for the typical situation of net low-level drying. However, temperature tendencies in the mixed-layer also
appear distinctively out-of-balance, especially in IFS and RAP. This indicates that both drying and warming with an origin in
the mixed layer lead to CAPE destruction; temperature and humidity adjustment reinforce each other. Finally, a fourth mixed-
layer EOF projects less strongly on CAPE change rate, which therefore uniquely represents a mode of anti-correlation between
dynamics tendencies of temperature and humidity in the mixed-layer.

The remaining EOFs 5, and lower, are an order of magnitude less important: they explain less than 7% of the variance each, or

between 7 and 11% for each SCM when combined.
4.2 Contribution of adjustment profiles to in changes in convective diagnostics

As indicated by the EOF analysis (Figure 9), most changes in the CAPE are realised with net tendencies in the mixed layer.
Correspondingly, cooling and warming tendencies in the mid-to-upper troposphere remain on average small, within +0.15K
(Figure 8, right) and vary by model. Within the mixed-layer, both humidity and temperature tendencies off-balanced between
dynamics and physics cause CAPE change. We can separate this mixed-layer contribution into the following terms, under our

buoyancy assumptions (defined in Sect. 2):
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— pre-condensation humidity changes
— pre-condensation temperature changes, or more specifically virtual temperature changes
— corresponding net effect on the potential moist adiabat

Specific humidity in the mixed layer changes by up to of 0.5 g/kg in GFS, which translates to roughly 3% relative change.
For IFS and RAP this is effect a little smaller (= 2%) and for ARPEGE this adjustment is almost erased between lhr and
6hrs lead time (Figure 8). These tendencies increase the lifting condensation level, which, under our buoyancy assumptions,
largely control CAPE and LNB (via the moist adiabat). The moist adiabat thereby cools, which reduces the buoyancy above
condensation level, hence CAPE and highest level of neutral buoyancy. The lifting condensation level height difference of GFS
translates to about 50-60m in the mean (using McDonald, 1963; Lawrence, 2005; Romps, 2017) if assuming our domain is
moist in our equatorial band. If we consider pure humidity adjustment and ignore any temperature adjustment, the specific
humidity adjustment, in combination with a difference between dry and moist adiabatic lapse rate on the order of 4-5 K per
km, leads to an average cooling of the moist adiabat by about 0.3 K. This cooling affects buoyancy tendencies considerably.
Furthermore, the lifting condensation level change also reduces the probability of cloud cover.

However, to assess the total effects of profile adjustment, we need to include the virtual temperature adjustment. It will be dom-
inated by temperature adjustments. The humidity adjustment, now more specifically water vapor mixing ratio adjustment, has
a comparatively negligible effect on the virtual potential temperature. An average ~ 0.5 K warming in isolation, corresponding
to ARPEGE mixed-layer adjustment in Figure 8 (right), implies virtual temperature changes of 0.5 K in the mixed layer. This
translates to rises of the lifting condensation level of about 60m (using McDonald, 1963; Lawrence, 2005; Romps, 2017). Cor-
respondingly, the moist adiabat will be slightly warmer (less than 0.5K) and, hence, mixed-layer air becomes more buoyant,
thereby increasing CAPE. In ARPEGE a slight drying of 1%-2% in terms of relative humidity occurs initially, which is smaller
than for GFS. However, the humidity recovers and, hence, CAPE recovers after the initial decrease. The upper-troposphere
undergoes negligible temperature adjustment, indicating that a recovery of the CAPE (Figure 5, right, after ~ 4hrs lead time)
is caused by a good balance between mean mixed-layer warming and mixed-layer drying, which would approximately retain
the moist adiabat.

However, in other physics suites, mixed-layer temperature tendencies are much smaller than in ARPEGE and the mixed-layer
mean temperature tendencies has a negligible impact on CAPE.

Altogether, following the mean adjustment profile dominates CAPE changes in RAP, IFS and GFS. In ARPEGE, mean tem-
perature and humidity adjustment balances. Nevertheless, the lifting condensation level is expected to increase in all physics
suites following the mean adjustment profile, with the largest tendency in GFS (= 60m). Furthermore, the mean moist adiabat
of parcels within the equatorial band is expected to decrease in all models but ARPEGE (most strongly in GFS), also decreas-
ing the level of neutral buoyancy under a near-stationary free troposphere. This is consistent with Figures 2.

In Section 3.4 we have argued that the mean adjustment scales well with most samples and conditional spread among samples
is expected to be small. Accordingly, we can argue that the effects of mean adjustment of specific humidity and temperature

represent their typical imprint on lifting condensation level and level of neutral buoyancy properly. In addition, we can prop-
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erly assess the impact of spread by investigating the changes of the tails of the distribution, which represent rare behaviour (or,
alternatively: by quantifying the combined multivariate impact of each of the three mixed-layer EOFs of Figure 9). This tail of
the CAPE and LNB indicate increases across all physics suites. Here, temperature tendencies may be more impactful, and like
in ARPEGE, dominate the mixed-layer adjustment, as well as possibly certain low-level layers within the free troposphere.
Under rapid heating or moistening conditions, for instance, a capping inversion might build up given profiles of GFS and IFS of
Figure 8 (right), or spatial organisation of shallow convection, in concert with potentially lagged deep-convective overturning,
might impact local convective near-grid-scale circulations Figure 8 (left). This may be followed by sudden release of accumu-
lated convective instability, although this would be rare over tropical ocean in reality (see also Tuckman and Emanuel, 2024).

The exact dynamics of infrequent events and shallow overturning could be investigated in more detail by applying our ap-
proach and by separating the vertical profiles into additional modes, such as a shallow-convection layer (e.g., 2000-3000m)

and a transition layer between the mixed layer and this layer (500m to 2000m).
4.3 General implications

While physics packages should aim to define uniform model-independent rules that connect larger scale tendencies with the
precursor state variables, it has often been argued that truly correct formulation of such rules is not possible, since subgrid
scales are not truly separated from resolved scales in each numerical model (e.g. Craig and Cohen, 2006; Schemann et al.,
2013; Palmer, 2019). This means a single state at the larger mesoscales, beyond 100km, could envelope many states at the
scale of individual convective updrafts, and smaller. This idea has directed development of stochasticity in physics (e.g. Plant
and Craig, 2008; Berner et al., 2017; Leutbecher et al., 2017; Ollinaho et al., 2017) and has directed MUMIP to possibly its
main quests: to which degree is uncertainty addressed in deterministic physics suites, and why? Our analysis indicates that
variability among different physics suites in the free troposphere is highly similar, consistently with Groot et al. (2026b). How-
ever, the mixed-layer tendency patterns do not summarise into one mode of variability. They are multivariate of nature, along
with prominent spin-up.

Our findings have indirect implications related to data assimilation and bias adjustment, at least based on our benchmark of
initial states. A coupling between regional CAPE tendencies and parameterised convective precipitation has been suggested by
Buschow (2024). Our experiment links to the analysis of Buschow (2024), because we impose our benchmark state and its full
dynamics evolution into IFS and GFS physics. This triggers a strong adjustment process, similarly to analysis increments in
data assimilation problems, which also affect products like reanalyses, as investigated by the former study.

In Buschow (2024), it has been suggested that differences in CAPE within a wider tropical band relate to a varying propor-
tionality of parameterised convective precipitation in reanalysis data. Thereby, the convection parameterisation is informed
about CAPE variability through a partial dependence on CAPE in the convective closure. This imprints on CAPE during the
data assimilation. Isolating the EOFs by column, our analysis suggests a wide tropical mean does not represent the associated
adjustments comprehensively. After starting with an unbalanced ICON benchmark state, we find mostly tendency variability
that decouples precipitation and CAPE within our PCs. In fact, at large scales, the mixed-layer drying tendencies appear to

explain our CAPE variability very well. Considerable orthogonality between CAPE and precipitation certainly suggests that
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the link is much more complicated (multivariate) in realistic experiments than suggested by Buschow (2024), and certainly in
IFS. GFS indicates stronger statistical relationships than IFS, which might be attributable to their convective closure, but this
remains speculative and probably involves links far beyond those we investigate here.

Nevertheless, one may wonder if the correlations between CAPE and precipitation rate would improve with a different CAPE
algorithm, for instance when including entrainment. Entrainment refers to the turbulent mixing and dilution of an initial parcel
with its environment. We only mix parcels below 500m. In real-world convection may differently entrain depending on factors
as parcel size, altitude, relative humidity, convective organisation and other factors. An implementation of an outdated IFS
convection scheme in GFS shows that IFS has a bottom-heavier imprint of entrainment on the tendencies, with most mixing
in a vertically restricted layer (Bengtsson et al., 2019, see Figure 2). This is consistent with our deeper drying in GFS than in
IFS (Figure 3.4). GFS will weigh more heavily towards a vertical average parcel over the lower 200-400 hPa, which means our
CAPE matches better with IFS. This implies a closer association of GFS CAPE with dynamics tendencies above the mixed-
layer and, similarly, precipitation rate. We could argue that CAPE of GFS would be a hybrid of ours and one purely associated
with EOF1. Nevertheless, the GFS and IFS schemes have been revised since (Bechtold et al., 2020; Bengtsson and Han, 2024).
Finally, our mixed-layer definition likely over-emphasises the EOFs, which probably become more convoluted when our CAPE
would resemble the GFS algorithm.

Humidity redistribution by physics occurs by design in the cloud, convection and turbulence parameterisations, which includes
exchange with liquid water and ice in the cloud reservoirs. Their combined tendencies appear under-dispersed at 20-100km
scales in our suites (Groot et al., 2026b) and this notably affects uncertainty in the free-troposphere. In addition, we find sys-
tematic drying in the mixed layer, which ultimately affects convective diagnostics like CAPE and LNB. Our mixed-layer either
dries through upward mixing of water vapour or through warming (ARPEGE). It appears that the physics suites cannot hold
their mixed-layer moisture, although this might be an ICON-relative artifact. Further MUMIP experiments would reveal this.
Nevertheless, our results and Groot et al. (2026b) indicate humidity is a difficult quantity to represent accurately with physics
suites.

Apparently enhanced, or over-, diffuseness seems to fit a broader picture of specific humidity and relative humidity biases in
convection-parameterised weather and climate models. Relative humidity profiles remain very major source of cross-model
uncertainty across various types of numerical models and configurations (see also, for instance, Wing et al., 2020), although
theoretical arguments for the approximate shape of humidity profiles in the tropics exist (Romps, 2014). While convection-
permitting models converge on relative humidity and tend to show a similar negative low-level bias (Lang et al., 2021, 2023),
their impact induces profound uncertainty all across the field: on climate time scales via radiation budgets of the troposphere
and composition of the stratosphere, but also on weather forecasting time scales through, for instance, tropopause sharpness at
higher latitudes (e.g. Saffin et al., 2017; Kriiger et al., 2022). Similarly to the latter, our LNB distribution also seems to suggest
that the sharpness of the PDF of the vertical stratification gradient near the tropopause in the equatorial band reduces in all
physics suites. Similarly, vertical temperature and moisture gradients are very different across our models near the shallow-
convection and stratocumulus levels (800-900 hPa), another region with stratification challenges, which suggests that strong

temperature gradients are also problematic to represent and stabilise in numerical models.
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Code and data availability. The dataset used in this work, along with README instructions, are available via Zenodo (Groot et al., 2026a):
645 https://doi.org/10.5281/zenodo.18174141 (retrieved: 15-03-2026)
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Appendix A: Time evolution of diagnostics

Figure A1 shows the time evolution of precipitation accumulation, CAPE and LNB over our 31 days experiment. We can see
that precipitation accumulation is generally higher over the first few days, around day 15 and on the final days than around day
5-10 and 20-25. CAPE increases during those convective bursts, but it enhances particularly towards the end of the month. The
median evolution of LNB has a very similar evolution.

ICON initials are close to the other models in their median LNB, but the diurnal cycle seeems more pronounced in SCMs,
especially in ARPEGE. Finally, the upper quartile of CAPE and LNB provide a good proxy for the values in the ITCZ. These
are minimal around day 8, with ARPEGE and ICON dropping to 12.000m and the other models even to about 8000m for LNB.
CAPE also has low values at 200 j/kg in RAP and 500 in ARPEGE. In the final days, CAPE increases to 1400 j/kg in ARPEGE
and about 500-1000 in the other SCMs.

At the middle of our experiment, near day 15, the lower quartile of LNB also tips near 3000m in all models, indicating that the
subtropical part of our domain also becomes somewhat convective. Conversely, in the final days, despite the median increasing,
this does not happen.

Finally, we can see that all of the physics suites have a mean precipitation accumulation that constantly exceeds their upper
quartile, except for GFS, as mentioned in the description of Figure 5. The two are relatively close to each other throughout the

month.
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and interquartile range of (bottom) LNB over the coarse of our 31 days experiment.
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