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A useful starting hypothesis for predictions of changes in precip-
itation extremes with climate is that those extremes increase at
the same rate as atmospheric moisture does, which is ⇠ 7% K�1

following the Clausius–Clapeyron (CC) relation. This hypothesis,
however, neglects potential changes in the strengths of atmo-
spheric circulations associated with precipitation extremes. As
increased moisture leads to increased precipitation, the increased
latent heating may lead to stronger large-scale ascent and thus,
additional increase in precipitation, leading to a super-CC scal-
ing. This study investigates this possibility in the context of the
2015 Texas extreme precipitation event using the Column Quasi-
Geostrophic (CQG) method. Analogs to this event are simulated
in different climatic conditions with varying surface temperature
(Ts) given the same adiabatic quasigeostrophic forcing. Precipita-
tion in these events exhibits super-CC scaling due to the dynamic
contribution associated with increasing ascent due to increased
latent heating, an increase with importance that increases with Ts.
The thermodynamic contribution (attributable to increasing water
vapor; assuming no change in vertical motion) approximately fol-
lows CC as expected, while vertical structure changes of moisture
and diabatic heating lead to negative but secondary contributions
to the sensitivity, reducing the rate of increase.

extreme precipitation | convection | climate change

How will precipitation extremes respond to climate change?
As climate warms, the water vapor content of a saturated

air column increases with surface temperature (Ts) at a rate
of ⇠ 7% K�1 following the Clausius–Clapeyron (CC) relation
(1, 2), and the actual water vapor content increases similarly
in both models and observations (3, 4). The response of global
mean precipitation to warming is largely constrained by global
energy balance (⇠ 2% K�1) (3), while regional mean precipita-
tion increases more variably (5). Observations of precipitation
extremes, however, show that they increase more rapidly than
the regional mean precipitation does in most regions, increas-
ing even where the mean precipitation decreases, albeit with
significant variability across geographic locations (6, 7). General
circulation models (GCMs) project that, in midlatitudes, the rate
at which precipitation extremes increase is close to CC scaling.
In the tropics, some models project super-CC scaling, although
with considerable intermodel spread (8–11). Given that GCMs
poorly represent many characteristics of precipitation extremes
in the current climate, such as their climatology (8) and depen-
dences on temperature on the interannual timescale (12), it is
appropriate to view their predictions of changes in precipita-
tion extremes with warming with a critical eye. Simulations in
regional climate models with finer horizontal resolutions usu-
ally show greater sensitivity of extreme precipitation to warming
than do GCM simulations (13–19), suggesting that GCMs may
underestimate this sensitivity.

By separating the sensitivity of precipitation extremes to sur-
face temperature into a thermodynamic component—that due
to the increase of atmospheric moisture with temperature (i.e.,
that which leads to CC scaling)—and a dynamic component,
which is the change of large-scale vertical motion (1), most

of the uncertainty in extreme precipitation sensitivity comes
from the dynamic component (9, 10). It is suggested that the
increased latent heating associated with increased precipita-
tion may further modify the atmospheric circulations associated
with extreme precipitation events, changing both the magni-
tude and vertical structure of their large-scale vertical motion
and resulting in a feedback between the thermodynamic and
dynamic components (2, 20). This feedback may be either pos-
itive or negative and is key to explaining the wide spread of
extreme precipitation sensitivity in GCM simulations (9, 10) and
the regional distribution of extreme precipitation sensitivity in
observations (6, 7).

In this paper, we investigate the sensitivity of extreme
precipitation to warming using the idealized Column Quasi-
Geostrophic (CQG) modeling framework (21, 22). This frame-
work allows for a relatively clean mechanistic interpretation of
the feedbacks between the thermodynamic and dynamic contri-
butions to extreme precipitation events. CQG extends the notion
of parameterization of large-scale dynamics (23–26) from the
tropics to the extratropics. In the tropics, large-scale vertical
motion is almost entirely controlled by diabatic heating, while in
the extratropics, dry adiabatic balanced potential vorticity (PV)
dynamics also plays an important role in generating large-scale
vertical motion. CQG allows interaction between large-scale ver-
tical motion and convection in a limited domain, thus distinguish-
ing this study from previous cloud-resolving model (CRM) stud-
ies that have examined extreme precipitation sensitivity under
Radiative–Convective Equilibrium with no large-scale vertical
motion (27).

Significance

Changes in precipitation extremes under climate change
are subject to substantial uncertainty. Atmospheric moisture
increases alone would make extreme rain events heavier at a
well-understood rate of ⇠ 7% K�1, but a component associ-
ated with storm dynamics is much less well-understood and
can either amplify or reduce that moisture-driven intensifi-
cation. This paper uses an idealized modeling framework to
understand the coupling of these two components, simulating
one actual heavy rain event in both the present climate and
hypothetical perturbed climates. The increased heating due to
increased moisture drives a dynamical increase in large-scale
ascent, amplifying the moisture-driven response by as much
as a factor of two for warmer climates.
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The experiments here are designed based on an extreme pre-
cipitation event occurring in May 2015 over the southcentral
United States. We choose a specific observed event so that we
can use a realistic synoptic forcing, derived from reanalysis, and
validate our method by comparing model results with observa-
tions. We argue, however, that our results have implications for
other extreme events with broadly similar characteristics. We
simulate the 2015 event under a wide range of Ts with the same
large-scale Quasi-Geostrophic (QG) adiabatic forcings obtained
from reanalysis data. This approach is conditioned on the large-
scale perturbations and considers the sensitivity only due to
the slowly varying thermodynamic component of the climate—
namely, the background temperature (T) and moisture (q)—thus
being similar to event-based “highly conditional,” “pseudoglobal
warming,” or “storyline” event attribution studies (16, 19, 28–32).
We show that the positive feedback between the thermodynamic
and dynamic components of the extreme precipitation sensitiv-
ity can be straightforwardly understood and quantified under
CQG, thus providing a theoretical estimate of the extreme pre-
cipitation sensitivity that may be a useful complement to those
from GCMs. A limitation is that, due to our focus on a sin-
gle event and assumed constancy of F , no statement can be
made about changes in the probability of occurrence of an event
of this type.

Methods
Our implementation of CQG uses a CRM, here the System for Atmo-
spheric Modeling (33), to explicitly resolve small-scale convection in a limited
domain. As in our previous studies (21, 22), we parameterize the large-scale
vertical motion using the single-wavenumber (k) QG ! equation:
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! is pressure-coordinate vertical velocity, � is dry static stability, f0 is the
Coriolis parameter, and Q is diabatic heating (here computed explicitly
by the CRM). Adv⇣ and AdvT are the large-scale horizontal advections of
absolute vorticity and temperature, respectively. The first two right-hand
side (RHS) terms represent the adiabatic QG forcing (F) (34), while the
last RHS term represents the effects of the diabatic heating on !. After
each CRM time step, the large-scale ! is diagnosed with Eq. 1; then, the
vertical advection of T and q associated with ! are applied on the CRM
domain, thus coupling convection and large-scale dynamics. Comparing
with conventional CRM simulations in which ! is prescribed, in CQG, we
only need to prescribe F, while convection, precipitation, and ! are sim-
ulated interactively. Additional details of the model and experiments are
in SI Appendix.

Numerical simulations are based on the extreme precipitation event
occurring in Texas and Oklahoma during May 22–26, 2015. Meteoro-
logical variables from the European Center for Medium-Range Weather
Forecasting’s interim reanalysis (35) are used in this study both to force
the CRM and as a reference against which to compare the simulations.
Based on the rainfall distribution associated with the event, we define a
latitude–longitude box (Fig. 1) as the target region from which data are
extracted for deriving F and where modeled precipitation is compared with
observations.

The experiments consist of a control case and a series of perturbed cases.
The objective in the control case is to reproduce the extreme precipitation
that was observed under the current climate in the actual event, while the
perturbed cases aim to simulate precipitation from events with the same
synoptic forcing in climates with varying background T and q profiles that
depend on Ts in a systematic way. The perturbed cases are constructed
with the help of the Coupled Model Intercomparison Project (CMIP5) sim-
ulations (SI Appendix). In each case, the model is forced with the same
large-scale adiabatic QG forcings and the large-scale horizontal moisture
advection (Advq) (SI Appendix, Fig. S2) taken from the reanalysis to isolate
the dependence of extreme precipitation on background conditions. This
implies an underlying hypothesis that changes in thermodynamic environ-
ment will dominate changes in synoptic-scale PV dynamics in determining
changes in precipitation extremes with warming. We view this as a plau-
sible starting hypothesis given the much larger uncertainties in circulation
changes compared with thermodynamic changes (37).

Fig. 1. (A) Ertel PV (in PV units; color) on the 330 K isentropic surface on
May 24 and areas (blue contours) where the cumulative precipitation [Cli-
mate Prediction Center precipitation data (36)] between May 22 and May 26
was greater than 50 mm. (B) Precipitable water (PW; color) and the 850-hPa
horizontal winds (black arrows) on May 24. The black rectangles indicate
the regional box (101�W ⇠ 92�W and 31�N ⇠ 40�N) within which most of
the rain during the 2015 event fell.

Results
Preceded by several days of heavy rain, a slowly propagating
storm led to even heavier precipitation across Texas and Okla-
homa during May 24–26, 2015 (Fig. 2A), causing record-breaking
floods. This extreme event was caused by a strong upper level
PV intrusion from higher latitudes to the west of the precipi-
tating region (Fig. 1A). Associated with the PV tongue was a
low-pressure trough extending down to the lower troposphere.
Correspondingly, a lower level southerly jet brought very humid
air from the Gulf of Mexico to the precipitating region (Fig. 1B).
The advection of the upper level PV anomalies induced ascend-
ing motion in the free troposphere, reducing free tropospheric
stability and encouraging convection. This event produced one
of the largest 5-d cumulative precipitation totals for the box of
interest during the period 1948–2015, causing May of 2015 to be
the wettest month among all Mays in the record (SI Appendix,
Fig. S1).

The simulated precipitation using CQG in the control case
matches the observed precipitation series reasonably well (Fig.
2A). It reproduces the maximum in rainfall around May 24 and
other minor peaks mostly within the range of ERA reanalysis
and observed precipitation. The time evolution of QG ! in the
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Fig. 2. (A) Daily precipitation from the Climate Prediction Center (CPC)
data, the Global Precipitation Climatology Project (GPCP) precipitation data
(38), ERA reanalysis (12-h reforecast), and CRM simulation of the control
case. The blue line is the mean of the three observations and reanalysis
dataset. (B) Daily precipitation of the control case and two perturbed cases.
Error bars indicate the SD among six ensemble members, which are different
realizations with small random noise in the initial conditions (SI Appendix).
Numbers in brackets are the mean precipitation between May 22 and 26
(marked by the black vertical dash lines).

simulation also matches the reanalysis reasonably well (SI
Appendix, Fig. S3). The precipitation comparisons between the
control and perturbed cases show the sensitivity of the pre-
cipitation to the background climate. As an example, Fig. 2B
shows daily precipitation from the control case (Ts =299 K), the
Ts =297 K case, and the Ts =301 K case. Each case includes
six ensemble members with different realizations of small ran-
dom noise in the initial conditions (SI Appendix). Precipitation
increases with warming strongly and far above the variability
within the ensemble. We focus on the 5-d mean precipitation
between May 22 and May 26, 2015 (denoted P) hereafter. Pre-
cipitation totals on this timescale are relevant to impacts on
larger scales (e.g., flooding in large river basins) and also rele-
vant to interpretations of GCM results often used in the context
of climate change studies. Many previous studies have used
high-resolution regional simulations to examine changes with
warming of convective-scale precipitation and updrafts (13, 15–
19), which are of great societal relevance to local areas (39).
Analyses of convective-scale responses to the surface warming
are presented in SI Appendix as a complement to our primary
focus on the larger space and timescale.

As Ts increases from 293 K to 305 K, P increases expo-
nentially from 7.4 to 36.3 mm/d (Fig. 3A). We calculate the
exponential growth rate locally at each Ts ( �lnP

�Ts
using centered

differences, except for the first and last values, in which forward
and backward differences are used) (Fig. 3B). The precipita-
tion sensitivity to surface temperature, �lnP

�Ts
, is not constant but

increases from 7% K�1 at Ts =293 K to 17% K�1 at Ts =301 K;
then, it remains roughly constant as Ts further increases. Over-
all, the extreme precipitation sensitivity substantially exceeds CC
scaling, implying an important role for dynamic feedbacks. The
results here are qualitatively consistent with the super-CC scaling
of extreme precipitation found in observations on the interan-
nual timescale (12) and in some numerical modeling studies (10,
14, 16).

We apply the conventional decomposition (10) to quantify
the thermodynamic and dynamic components of the extreme
precipitation sensitivity. This decomposition is based on the
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Fig. 3. (A) P, P̂, P̂D, and P̂Q as functions of Ts. B and C are the decomposi-
tions of �lnP

�Ts
based on Eqs. 3 and 5, respectively. The black solid lines show

the sum of the color lines. D and E show !, !D, and !Q. The changing of
the line colors from blue to red corresponds to cases in which Ts increases
from 293 to 305 K. Note that the dashed lines in E almost all collapse to the
same line.
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approximation that heavy precipitation comes primarily from the
vertical advection of moisture: P ⇡ P̂ ⌘�h!@pqi (h⇤i= 1

g

R
⇤dp

denotes pressure vertical integration), an approximation sup-
ported by our budget analysis (SI Appendix, Fig. S4). P̂ is only
slightly smaller than P (Fig. 3A), and �lnP̂

�Ts
is only slightly greater

than �lnP
�Ts

(Fig. 3B) (�lnP ⇡ P̂

P
�lnP̂). Since the approximation

P̂ ⇡P holds well and at the same time, simplifies interpretation,
from here on, we focus on �lnP̂ . By separating the amplitudes
and vertical structures of ! and @pq , we have

P̂ = �H⌦, [2]

where ⌦ is the absolute value of ! at 500 hPa, a metric of ver-
tical motion amplitude in middle troposphere, and H = hqi is
column precipitable water. The parameter �=�hw⌦

@pq

H
i absorbs

the covariances of the vertical structures of normalized vertical
velocity (w

⌦ ) and normalized moisture stratification ( @pq

H
). The

percentage changes of P̂ can thus be written as

�lnP̂ = � ln H + � ln⌦+ � ln �. [3]

The RHS terms are the thermodynamic component, the dynamic
component, and a component due to changes in the vertical
structures of ! and q , respectively.

The results of the decomposition in Eq. 3 are shown in Fig.
3B. � lnH varies little over all cases, with a mean value of
9% K�1. This value is slightly higher than the CC scaling, because
the upper troposphere warms more than the surface does (SI
Appendix, Fig. S6B) and the precipitable water increases faster
than the surface water vapor with Ts (27, 40). The changes in
covariance of vertical structure are small and negative (� ln �⇡
�2% K�1). The dynamic component, � ln⌦, is positive and con-
tributes significantly to the super-CC scaling, consistent with the
increases of ! with Ts (Fig. 3D). Interestingly, unlike the other
two terms that are nearly independent of Ts , � ln⌦ increases
from 2.5 to 11% K�1 and then remains constant, explaining most
of the dependence of � ln P̂ on Ts .

Next, we look into the dynamic component (�ln⌦). Given the
linearity of the QG ! equation (Eq. 1), we can separate ! as
!=!D +!Q , in which !D is the part due to the imposed dry
adiabatic dynamic forcing (F ), while !Q is due to diabatic heat-
ing (Q). !D and !Q can be calculated by solving Eq. 1, including
the first two terms on the RHS and then, the third term on
the RHS. The comparison of the ! components in the control
case between results from the reanalysis and those from the
simulation again shows reasonable agreement (SI Appendix, Fig.
S3). By examining the perturbed cases, we see that !D remains
almost unchanged. This is largely due to the fact that the adia-
batic dynamic forcing F is prescribed to be fixed in experiment
design. The increases of ! are mostly due to the increases of !Q

(Fig. 3E).
In our calculations, � is evaluated from the instantaneous

horizontal-averaged temperature profile in the CRM simulations
and increases with warming (the so-called lapse rate effect).
However, the change of � is relatively small here so that the
resulting decreases in !D are similarly small. The increases in
� also partly compensate for increases in diabatic heating, but its
changes are sufficiently small, and the heating changes dominate
the response.

The extreme precipitation sensitivity can be decomposed
based on the QG ! separation. Defining P̂D ⌘�h!D@pqi and
P̂Q ⌘�h!Q@pqi as precipitation due to vertical moisture advec-
tion by !D and !Q , respectively, we have

P̂ = P̂D + P̂Q =(1+↵)P̂D , [4]

where ↵=
P̂Q

P̂D

=
�QµQH

1��QµQH
(the derivation is in SI Appendix). The

parameters �Q , µQ , �D , and µD are associated with the vertical
shapes of vertical motion or QG forcing profiles. As will be seen
below, their changes with warming are of secondary importance.
The dependence of P̂D and P̂Q with Ts is shown in Fig. 3A.
The amplification parameter ↵ quantifies the diabatic heating
feedback on precipitation due to QG adjustments (21). In gen-
eral, ↵ depends on the horizontal length scale of the disturbance,
the background state, and the adiabatic forcings (21, 22), with
larger ↵ meaning stronger P under the same F . In the control
case, ↵=1.1, similar to the value found in the case of the 2010
Pakistan extreme precipitation event (22). As Ts increases from
the coldest to the warmest case, ↵ increases from 0.6 to 3.5, indi-
cating that the diabatic heating feedback becomes stronger with
warming.

Based on Eq. 4, we can decompose � ln P̂ as

� ln P̂ = � ln P̂D + � ln(↵+1)

= (� ln �D + � lnµD + � lnH + � lnhF i)+

↵(� ln �Q + � lnµQ + � lnH ). [5]
The terms in Eq. 5 are shown in Fig. 3C. The contributions
from the changes of vertical shapes are generally small, except
that ↵� lnµQ (reflecting the change of the vertical structure of
Q) (SI Appendix, Fig. S5) becomes nonnegligible for large Ts .
One dominant term in Eq. 5 is � lnH , which represents the
change of P̂D due to increased precipitable water with approx-
imately unchanged !D . The other dominant term is ↵� lnH ,
meaning that the thermodynamic effect is amplified by the dia-
batic heating feedback by ↵. Comparing Eq. 5 with Eq. 3, we have
� ln⌦⇡↵(� lnH + � lnµQ), stating that the dynamic component
of precipitation extremes is mainly due to the increased dia-
batic heating leading to increased !Q , modified by a secondary
term associated with the changes in the vertical structure of
heating.

The numerical results are summarized in Fig. 4 together with
another group of experiments performed as sensitivity tests (SI
Appendix). � lnP increases about two times faster than � lnH ,
indicating a nearly double CC scaling in these simulations on
average. The scatter points are above the linear fit line, consis-
tent with the fact that � lnP

�Ts
increases as Ts increases (Fig. 3B). In
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Fig. 4. Changes in extreme precipitation (�lnP) vs. changes in column water
vapor (�lnH) from experiment group 1 (blue circles) and experiment group
2 (red triangles) (SI Appendix). The black dashed line is the one-to-one line.
Blue and red lines are the linear fit lines to the two experiment groups.
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experiment group 2, the CRM is subject to time-constant T and
q forcings to better match the CRM background profiles with
those of CMIP5 (SI Appendix, Figs. S7 and S8). The results of
experiment group 2 are qualitatively similar to those of group 1
shown in the text; the diabatic heating feedback is weaker but still
significantly contributes to the super-CC sensitivity of extreme
precipitation (SI Appendix, Fig. S9).

Fig. 5 summarizes the feedbacks in the CQG system and how
it amplifies the sensitivity of precipitation extremes to warming.
Under the current climate, the adiabatic QG forcing (F ) induces
vertical motion (!D ), which on its own, would produce precip-
itation PD . The feedback due to the latent heating release on
QG ! leads to vertical motion of !Q , providing an additional
component of precipitation, PQ . The strength of the feedback is
quantified as ↵, so that the total precipitation is the adiabatic QG
component multiplied by ↵+1. In a warmer climate, while there
is little change in !D (due to the assumed constancy of F here
as well as the smallness of the changes in �), the increased water
vapor leads to increasing PD at the rate � lnH . This thermody-
namic contribution is further amplified by the diabatic feedback
by ↵ and expressed largely as the dynamic contribution. At the
same time, the vertical structures of q and Q may change, lead-
ing to secondary terms � ln �D , � ln �Q , � lnµD , and � lnµQ ; here,
these terms are negative and reduce the magnitude of the posi-
tive sensitivity. Because the total diabatic heating feedback ↵ is
positive and becomes larger in a warmer climate, the sensitivity
of precipitation extremes with surface temperature exceeds CC
scaling.

Conclusions and Discussion
We have investigated the sensitivity of precipitation extremes
to temperature using the extreme precipitation event of May
2015 in Texas and Oklahoma as an example and studied it with
idealized CRM simulations on a small domain under the CQG
method. The 2015 event was simulated under different climatic
background conditions with varying Ts under the same adia-
batic QG forcing. In the control case, under the actual climatic
conditions in 2015, the model results reproduce the precipi-
tation in observations reasonably well, while perturbed cases
show that the extreme precipitation increases exponentially as Ts

increases. The exponential growth rate exceeds CC scaling due
to the positive contribution from the dynamic response due to
increased large-scale ascent driven by increased diabatic heating.
It is approximately equal to the relative changes of atmospheric

moisture multiplying a diabatic heating amplification factor ↵,
modified by a secondary term associated with the changes in
the vertical structure of heating. While the thermodynamic
contribution is nearly constant with warming, the diabatic heat-
ing feedback becomes stronger, leading to increasing extreme
precipitation sensitivity.

The super-CC scaling for extreme precipitation that we find
here is consistent with some observational and GCM model-
ing studies (10, 12). Our results are strictly for a single event,
but we view them as relevant to a larger set of events with a
strong convective component as well as strong large-scale PV
dynamics. Particularly interesting examples may include precip-
itation extremes in the subtropics during the summer half-year,
including those caused by tropical–extratropical interaction (41),
as well as monsoon depressions (42) and similar disturbances.
Similar considerations may apply to a wider range of midlati-
tude precipitation systems accompanied by convection as well,
although since the dynamic amplification that we find is great-
est for the warmest climates, we might expect it to be smaller for
winter storms.

The CQG method allows us to analyze in detail the mech-
anisms by which the super-CC scaling comes about, provid-
ing perspective relevant to interpreting the different extreme
precipitation sensitivities found in GCM simulations. Climate
models with stronger diabatic heating feedback in simulations
of the current climate are likely to produce greater sensitiv-
ity of extreme precipitation to climate change, such as has
been found for the response of the North Atlantic storm track
to warming in a regional model sensitivity study (43). The
CQG method could be used to diagnose in more detail the
mechanisms leading to different results in different climate
models.

A significant limitation of this study is that we assume that
the adiabatic QG forcing and the horizontal length scale asso-
ciated with the disturbance remain constant as climate changes,
so that all changes are driven directly by the changing thermody-
namic environment. We view this as a reasonable starting point
given the greater uncertainty in dynamic compared with ther-
modynamic components of climate change (30–32, 34). Other
factors not considered here include, for instance, the effects
of large-scale circulation pattern changes on local regions (44),
the possible changes of eddy length scale (45), and the possi-
ble changes of frequencies of strong synoptic perturbations (46).
All of these factors may also modify the sensitivity of extreme

A B

Fig. 5. A schematic of the scaling of precipitation extremes with temperature in a CQG system. A is under the current climate. Upper shows an upper level
synoptic wave, lower level fronts, and a low-pressure center. Lower shows the side view of the convecting and precipitating region over the low-pressure
center. B is in a warmer climate: the fractional changes of vertical motion and precipitation if the large-scale adiabatic QG forcing F (and Advq) is unchanged.
The darker color of the cloud cartoon indicates that the convective system is stronger in a warmer climate.
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precipitation. Studies with comprehensive climate models sug-
gest, in fact, that warming may lead to a reduction in the dynamic
component of extreme precipitation in the region and season of
interest here (11, 45). If so, our results suggest that this reduction
is due to these other effects, with dynamic amplification due to
increased heating (for a given F and wave number k) still rele-
vant and perhaps dominant in other regions. Efforts to analyze

all of these effects more broadly using a hierarchy of numerical
models would be valuable.
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Details of experimental design 9 

Here the details of the experimental design are presented. The experimental setting shares many 10 

similarities with that of the simulation of the 2010 Pakistan extreme precipitation event in (1). 11 

The CRM is the System for Atmospheric Modeling (2). It has a spatial domain of 128 km × 128 12 

km, 2 km horizontal grid spacing, and doubly periodic horizontal boundaries. There are 64 13 

vertical levels with vertical grid spacings stretching from 75 m near the surface to about 500 m in 14 

the free troposphere. Radiation is calculated interactively (3). The solar insolation is fixed at the 15 

daily mean value on May 15 at 35°N. The surface condition is simplified as an ocean surface 16 

with a fixed #$ at 1000 hPa.  17 

The CQG modeling framework models the convection in a limited domain interacting with 18 

large-scale vertical motion using the QG% equation (Eq. 1) (1). After each CRM time step, we 19 

take the horizontally averaged diabatic heating (Q) computed by the CRM and use this together 20 

with the large-scale forcing (&'() and &'(*) obtained from reanalysis data to calculate % from 21 

the omega equation (Eq. 1). The upper and lower boundary conditions are rigid lids at a nominal 22 

tropopause (170 hPa, approximately where the lapse rate first becomes smaller than 2K/km from 23 

the ERA reanalysis T profile) and the surface level. The characteristic wavenumber, +, in Eq. 1 24 

is set to be 2-/2500	+234.Having obtained %, the large-scale temperature and moisture 25 

advection tendencies are computed, and then those, as well as the horizontal advection obtained 26 

from reanalysis data (&'(* and &'(5), are applied to the CRM's T and q on each level 27 

1800357



horizontally homogeneously. Then, the CRM proceeds to the next time step and repeats the 28 

above processes. As described above, different types of forcing have different pathways to enter 29 

the CQG system. The total vorticity advection, &'(), dynamically forces vertical motion.  The 30 

temperature advection, &'(*, has both a dynamical effect through the omega equation and a 31 

thermodynamic effect through the temperature equation. &'(5 has only a thermodynamic effect 32 

by changing the moisture of the air column, which may further modulate the convective response 33 

to the dynamic forcings. The calculation of QG% equation and the adiabatic cooling by vertical 34 

motion needs the static stability 6, which is evaluated from the instantaneous horizontal mean T 35 

profile in the CRM.   36 

In CQG, the CRM may be forced with temporally constant forcing representing effects of the 37 

climatological mean large-scale circulation, and/or time-varying forcing representing synoptic-38 

scale perturbations. While time-varying forcing is responsible for producing precipitation 39 

variations in time, time-constant forcing can affect the background state of the air column and 40 

thus indirectly modify the responses to the synoptic perturbations (1). For each run, the CRM is 41 

initialized with the corresponding RCE soundings, and run for 30 days with the omega equation 42 

coupled but without any imposed time-varying forcing. During this period, the model reaches a 43 

steady state with time-mean % = 0. Then, the model is forced with the time-varying synoptic 44 

forcings (Fig. S2) taken from the ERA reanalysis averaged over the regional box, starting from 45 

May 1, 2015 and continuing to May 31, 2015.  46 

The goal of the experiments is to examine the dependence of extreme precipitation intensity on 47 

climate. A control case mimicking the 2015 Texas event under the current climate is compared 48 

with a series of perturbed cases under different climate conditions. The climate conditions here 49 

are mean background (steady state in CRM or long-term mean in reanalysis) T and q profiles 50 

over the Texas regional box. In the CRM, the background T and q are determined by the 51 

specified #$ and the time-constant forcing (if the latter is non-zero). The control case has #$ =52 

299	9, chosen to match the near-surface air temperature in the CRM and that in the reanalysis, 53 

and the perturbed cases has #$ varying from 293 K to 305 K with an interval of 2 K. To assess 54 

internal model variability due to the randomness of convection, each case includes 6 ensembles 55 

with different realizations of small random noise in the initial conditions.    56 



The perturbed cases are constructed with the guidance of the CMIP5 multiple model ensemble 57 

simulations (4). Monthly mean data of historical and RCP8.5 runs of 79 realizations from 38 58 

models are used1. Specifically, we consider the differences of climate conditions over the Texas 59 

region between the Mays of the1900s (1900-1909 from the historical runs), 2010s (2010-2019 60 

from the RCP8.5 runs), and the 2090s (2090-2099 from the RCP8.5 runs). The background T 61 

and q profiles of the 2010s in the CMIP5 runs are close to those averaged over 2015 May in the 62 

ERA reanalysis (Fig. S6a), since they both represent the current climate. Comparing with those 63 

in the 2010s, #$ anomalies in the 1900s and 2090s are :#$ = −1.59 and :#$ = +4.5	9, 64 

respectively, with the corresponding :# and :@ profiles shown in Fig. S6b. Assuming that :# 65 

and :@ linearly depend on :#$, we can calculate :# and :@ for other perturbed cases with :#$ 66 

varying from -6 K to +6 K by interpolation or extrapolation, then calculate the corresponding 67 

background T and q profiles by adding :# and :@ on the reanalysis T and q. In each control and 68 

perturbed run, the stratosphere (levels above 170 hPa) T and q are nudged to the background T 69 

and q constructed by the above method with a nudging time of 1day. In the troposphere, we may 70 

impose time-constant forcing of T and q to match the CRM background T and q profiles with 71 

those of the CMIP5.   72 

In the first groups of experiments, we consider the simple case in which there is no time-constant 73 

T and q forcing, similar to the RCE idealization. With this simplification, the background state in 74 

CRM control case is significantly moister than those in ERA and CMIP5 (Fig. S6a). For the 75 

perturbed cases with :#$ = −1.5	9 and :#$ = +4.5	9, the background :# and :@ in the CRM 76 

also different from those in CMIP5 (Fig. S6b). These discrepancies are partly due to the 77 

differences of the numerical models and partly because the overall effects of atmospheric 78 

circulation over the local air column functioning in real atmosphere and in GCM simulations are 79 

not included in CRM.  80 

In the second group of experiments, we address the above discrepancies by applying a time-81 

constant T and q forcing in CRM runs to better match the CRM background profiles with the 82 

CMIP5 backgrounds profiles. For each case, we first run the CRM to steady state with T and q 83 

                                                        
1 The data can be downloaded from Lamont-Doherty Earth Observatory data library at 
http://kage.ldeo.columbia.edu:81/SOURCES/.LDEO/.ClimateGroup/.PROJECTS/.IPCC/.CMIP5/.MultiModelMeans/.
MMM-v2/ 



nudged to the CMIP5 background profiles. The nudging strength is 1 day above 700 hPa and 84 

linearly decreases to zero at surface. We retrieve the steady-state T and q tendencies due to the 85 

nudging from simulations for all the cases (Fig. S7). With nudging, the background profiles in 86 

the control case are much closer to those in the reanalysis and CMIP5 profiles (Fig. S8a) than are 87 

those in experiment group one (Fig. S6a), although q is still overestimated in the lower 88 

troposphere. For the :#$ of −1.5	9 and +4.5	9 cases, the CRM background anomalies also 89 

agree better with anomalies in CMIP5 (Fig. S8b) than do those in the first group (Fig. S6b). We 90 

then apply these time-constant T and q tendencies (Fig. S7) to the corresponding perturbed runs, 91 

in addition with the time-varying perturbations to simulate the 2015 extreme events.      92 

We present the results of the first group of experiments in the main text. Although the 93 

backgrounds match less well with the CMIP simulations, they have less interference in the 94 

experimental setting and serve as a benchmark. Analyses are repeated for the second group of 95 

experiments and results (Fig. S9) are qualitatively similar with those from the first group. 96 

Sensitivity tests are performed with other ways of constructing the time-constant T and q 97 

tendencies to better match the CRM backgrounds, for example, setting nudging strength being 2 98 

days in the second group of experiments, and the results lead to no major changes in the 99 

conclusions presented in the main text.  100 

 101 

Convective-scale analyses 102 

A strong regional precipitation event consists of many small-scale convective clouds, which may 103 

be organized into convective systems on the mesoscale. Many previous studies have examined 104 

the responses of convective-scale precipitation and updrafts to warming using high-resolution 105 

regional simulations (e.g., 5-10). The changes of rainfall extremes on that scale may be	of	106 

greater	societal	relevance	to local areas (11). Although this study focuses on the regional-scale 107 

(several hundred to about one thousand km regional box) precipitation and vertical motion, brief 108 

analyses of convective-scale (i.e. CRM grid size) responses to the surface warming are presented 109 

here. The following analyses are based on the #$ = 2999 and #$ =301K cases in experiment 110 

group 1. Results using other cases are qualitatively similar.  111 



The normalized histograms of hourly precipitation measured on CRM grids are shown in Fig. 112 

S10a. Similar to previous CRM studies (e.g. 12), on the convective scale the rainfall extremes 113 

exceed 100 22/ℎB. Differences of the normalized histograms between the warming 114 

experiment and the control case show general increases in all non-zero precipitation bins (Fig. 115 

S10b). The absolute increases are larger for smaller precipitation bins, while the fractional 116 

increases are larger for strong precipitation bins. Fig. S10c shows the contribution of each bin to 117 

the differences of the 5-days domain mean precipitation. The domain mean precipitation 118 

difference mainly comes from weak to medium strength precipitation bins. Contribution from 119 

very strong precipitation bins is relatively small due to their rare occurrences.   120 

Consistent with the increase of precipitation, the domain-averaged cloud mass flux (a cloudy grid 121 

is a grid with cloud liquid water greater than 0.01 g/kg) also increases with warming (Fig. S11a). 122 

Fig. S11b-c takes a close look at the distribution of vertical velocity in clouds  (CDEF) and its 123 

responses. At each level, the histogram is calculated by taking each cloudy grid cell at every 124 

sampling snapshots and binning it according to its vertical velocity. The distribution in the 125 

control case (Fig. S11b) are similar with that in Fig. 7a of (12), CDEF ranges from about −15	m/s 126 

to about 40 m/s, with maxima near C = 0. With surface warming, the number of grids with 127 

weak to moderate C increases, however, the number of grids decreases for large C bins on all 128 

levels (Fig. S11c). Overall, the increases of cloudy updrafts overcome the decreases, leading to 129 

the increases of domain mean mass flux seen in Fig S11a. The Result in Fig. S11c is different 130 

from that in Fig. 7b of (12), which shows increases of updrafts for large C bins and attributes it 131 

to the increases of convective available potential energy (CAPE).     132 

Next, we examine the changes of CAPE2 with warming. Simulations under RCE using the same 133 

model show that CAPE is 1011 J/kg for the #$ = 2999 case and 1147 J/kg for the #$ = 3019 134 

case. The increase rate of CAPE with  #$ is about 7%/K, consistent with previous CRM studies 135 

(e.g. 14, 15). The increases of CAPE may be understood as due to the shift of atmospheric T 136 

profiles associated with the surface warming (9). Unlike the RCE settings, in observations and 137 

modeling with more realistic settings, the relationship between CAPE and convection is still 138 

debated and far from resolved (e.g. 16). Fig. S12 shows the time series of CAPE and 139 
                                                        
2 CAPE is calculated using (6.3.5) of Emanuel 1994 (13). The adiabatic lifting parcel is chosen from the lowest model 
level, and the results are similar if we choose the parcel as the mean of boundary layers.  



precipitation. There is large variability of CAPE in time. The peaks of CAPE lead the peaks of 140 

precipitation, indicating the accumulation of CAPE due to the large-scale forcing. Once strong 141 

convection onsets, CAPE is quickly consumed. During the period with heavy precipitation, the 142 

atmospheric T profile is very close to moist adiabatic, and CAPE is close to zero. The 143 

relationship between CAPE and precipitation here is similar to that in some modeling (e.g. 17) 144 

and observation results (18). In warming experiment, CAPE is still close to zero during heavy 145 

precipitation period and slight decreases during the precipitation break period. The result is 146 

different from that under RCE because under RCE CAPE is mainly generated by radiative 147 

cooling, while in the simulation of precipitation event CAPE is mainly generated by large-scale 148 

perturbations. It is also different from other regional modeling studies (e.g. 8, 9), which found 149 

increased CAPE with surface warming. We suspect the reason may be due to the regions where 150 

CAPE is calculated. When averaged over a large domain, the mean T profile is closer to RCE 151 

profiles and CAPE is large; when averaged over a small convecting region, the T profile is closer 152 

to moist adiabatic and CAPE is small.    153 

 154 

Derivation of Eq. 4 155 

Above Eq. 4, we have defined JK = −〈%KMN@〉, and JP = −〈%PMN@〉. Similar with Eq. 2, we 156 

can rewrite them as  157 

                                                       JK = QKΩKS,   JP = QPΩPS,                                (Eq. S1) 158 

where QK = −〈TU
VU

WX5

Y
〉, QP = − 〈

TZ
VZ

WX5

Y
〉; ΩK and ΩP are the absolute values of %K  and %P at 159 

500 hPa, respectively. ΩK and ΩK represent the amplitude of vertical motions, and QK  and QK  160 

represents the covariance of the vertical structures of vertical motions and moisture stratification. 161 

For convenience, we write %K[ = %K/ΩK and %P[ = %P/ΩP, with the tilde indicating vertical 162 

shape variables here after.  163 

Next, we further link ΩK and ΩP with the amplitudes and vertical structure of \ and ]. Eq. 1 164 

may be written as  165 

      ℒ(%) = \/ab + c],                    (Eq. S2) 166 



where ℒ = (MNN − 6(
d

ef
)g) is the linear differential operator on the LHS of Eq. 1, \ =167 

(− 4

ef
MN&'() +

h

N
(d
ef
)g&'(*) ∗ ab, and c = h

N
(d
ef
)g is a coefficient acting on ]. \ is defined as 168 

the first two RHS terms multiplied by a reference pressure ab (i.e. 1000 hPa) to convert its 169 

dimension. Denoting the inverse of ℒ as ℒ34, we can write the vertical motion corresponding to 170 

\ and ] as  171 

        %K = ℒ34(\/ab),					%P = ℒ34(c]).              (Eq. S3) 172 

 173 

Let us first look at %P. ] can be written as its amplitude (〈]〉, its vertically integration) 174 

multiplying its vertical shape (]k = ]/〈]〉). Plug them into the above equation and take constants 175 

out of the linear operator, we have 176 

        ΩP = 〈]〉 ℒ
lm(nPk)

TZ[
.                                            (Eq. S4) 177 

Note that the latent heating ] and precipitation are related by J = DX
op
〈]〉, where qN is the specific 178 

heat of air at constant pressure and rD is latent heat of condensation. Thus, by defining µP =179 

DX
op

ℒlm(nPk)

TZ[
, we have 180 

      ΩP = µPJ.          (Eq. S5) 181 

In a similar way, for %K , we can define µK =
4

Nf

ℒlm(tk)

TU[
, so that  182 

            ΩK =
〈t〉

Nf

ℒlm(tk)

TU[
= µK〈\〉.               (Eq. S6) 183 

The dimension of µK  and µP are 2	u3g, so that γKµKS and γPµPS are dimensionless. In Eq. S5-184 

S6, we can see without changing its vertical shape, increases of \ (or ]) lead to linear increases 185 

of ΩK (or ΩP). On the other hand, µK  (or µP) is not related to the amplitude of \ (or ]), but only 186 

to its vertical shape. Eq. S5-S6 separate the effects of the amplitude of QG forcings and their 187 

vertical shapes on ΩK and ΩP.  188 

Plug Eq. S5-S6 into J = JK + JP, we can solve for P, 189 

         J = wUxUY

43wZxZY
〈\〉 = 4

43wZxZY
JK = (1 + y)JK,                      (Eq. S7) 190 



where y = wZxZY

43wZxZY
. Eq. S7 is Eq. 4 in the main text.  191 

Changing the linear operator ℒ34 will also leads to the changes of µP and µK . ℒ34 includes the 192 

dry static stability 6, which slightly varies in each case as #$ increases. Fig. 3a shows that given 193 

the same \, %K  values in all cases are very close to each other. The changes of % due to the 194 

changes of 6 may be neglected compared to the changes of latent heating (Fig. 3a). Thus, the 195 

effects of 6 changes on ℒ34 is small, and ℒ and ℒ34 may be viewed as the same for all cases.  196 

 197 

 198 

 199 

Supporting Figures 200 

 201 

 202 

Fig. S1. (a) monthly mean precipitation of May. (b) Cumulative distribution function of 5-days 203 

cumulative precipitation in May. The red dot indicates the 2015 Texas event. Figures are based 204 

on the CPC precipitation data averaged over the regional box from 1948 to 2017. 205 

 206 

 207 



 208 

Fig. S2. Horizontal advection of (a) total vorticity, (b) temperature, and (c) moisture averaged 209 

over the regional box from the ERA-Interim data. The white contours are the zero contour lines. 210 

Day 1 corresponds to May 1, 2015. The black vertical dash lines mark the period of the event 211 

(May 24 to May 26, same for other figures).  212 

 213 

 214 



 215 

Fig. S3. The decomposition of QG %. From top to bottom, plotted are % due to adiabatic QF 216 

forcing (%K), due to diabatic heating (%P), and the total %. Note the color bars on different rows 217 

are different. The left column shows results from ERA reanalysis data with three-dimensional 218 

QG% inversion. The right column shows the results of the CRM control case.  219 

  220 

 221 



 222 

Fig. S4. Precipitation budget of the CRM control case:  J = Jz + 〈&'(5〉 − 〈
F5

F{
〉 + |. The RHS 223 

terms are the vertical advection by large-scale % (Jz = −〈%M5@〉), the horizontal advection of q 224 

(〈&'(5〉 = −〈}M~@ + (M�@〉), the q tendency (〈F5
F{
〉), and the surface evaporation (E). It shows 225 

the vertical advection is the dominant term and approximately matches precipitation (Jz ≈ J). 226 

 227 

 228 

 229 

Fig. S5. The vertical shapes of diabatic heating (]/〈]〉). The changing of line colors from blue 230 

to red corresponds to cases in which #$ increases from 293 K to 305 K.  231 
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 233 

 234 

Fig. S6. (a): Comparison of the background soundings representing current climate from ERA 235 

reanalysis (black), CMIP 2010s simulations (blue), and CRM control simulation (red) in 236 

experiment group one. The ERA data are the means of May, 2015. Both the ERA and CMIP data 237 

are averaged over the Texas regional box. (b): The anomalous background profiles in CMIP 238 

simulations and CRM simulations of experiment group one. For better illustration, the negative 239 

anomalies (CMIP 1900s -2010s, and CRM -1.5 K case) are plotted with their signs flipped.   240 
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 244 

Fig. S7: The T and q nudging forcing for all cases in experiment group two. The color of lines 245 

changes from blue to red, corresponding to cases with #$ increasing from 293 K to to 305 K. The 246 

T nudgings are close to each other since they mostly balance the radiative cooling, while the q 247 

nudgings increase as #$ increases.  248 
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 251 

Fig. S8: Same as Fig. S6, but for experiment group two, in which the time-constant forcings 252 

(shown in Fig. S7) are applied on CRM, mimicking the effects of large-scale mean circulation. 253 
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 257 

Fig. S9: (a) is same with Fig. 2a, (b) is same with Fig. 2b, (c) is same with Fig. 3a, but for the 258 

experiment group two.   259 
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 263 

Fig. S10: (a) Normalized histograms	of	hourly precipitation during May 22 to May 26. The sum 264 

of each curve is 100%. The bin widths are 1 22/ℎB for all bins in (a)-(c). (b) Differences of the 265 

normalized histogram, i.e., the red line minus the blue line in (a). (c) the contribution of each 266 

bin to the differences of the 5 day domain mean precipitation. The sum of all bins in (c) is 4.9 267 

mm/day, consistent with the number shown in Fig. 1d (17.7mm/day minus 12.8 mm/day).      268 
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 270 

Fig. S11: (a) domain averaged cloud massflux profiles. (b) histogram of w in clouds for the 271 

simulation with #$ = 2999. (c) difference of histogram of w in clouds between the simulation 272 

with #$ = 3019 and #$ = 2999. For better illustration, plotted in (b) are their values powered 273 

by 1/8, and plotted in (c) are their absolute values powered by 1/8 times their signs.  274 

(b) (c)



 275 

Fig. S12: The time evolution of (upper) CAPE and (lower) precipitation for the #$ = 2999 and 276 

#$ = 3019 cases. 277 
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