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Abstract The frequency and severity of extreme events
are tightly associated with the variance of precipitation. As
climate warms, the acceleration in hydrological cycle is
likely to enhance the variance of precipitation across the
globe. However, due to the lack of an effective analysis
method, the mechanisms responsible for the changes of
precipitation variance are poorly understood, especially on
regional scales. Our study fills this gap by formulating a
variance partition algorithm, which explicitly quantifies the
contributions of atmospheric thermodynamics (specific
humidity) and dynamics (wind) to the changes in regional-
scale precipitation variance. Taking Southeastern (SE)
United States (US) summer precipitation as an example,
the algorithm is applied to the simulations of current and
future climate by phase 5 of Coupled Model Intercom-
parison Project (CMIPS5) models. The analysis suggests
that compared to observations, most CMIP5 models
(~60 %) tend to underestimate the summer precipitation
variance over the SE US during the 1950-1999, primarily
due to the errors in the modeled dynamic processes (i.e.
large-scale circulation). Among the 18 CMIP5 models
analyzed in this study, six of them reasonably simulate SE
US summer precipitation variance in the twentieth century
and the underlying physical processes; these models are
thus applied for mechanistic study of future changes in SE
US summer precipitation variance. In the future, the six
models collectively project an intensification of SE
US summer precipitation variance, resulting from the
combined effects of atmospheric thermodynamics and
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dynamics. Between them, the latter plays a more important
role. Specifically, thermodynamics results in more frequent
and intensified wet summers, but does not contribute to the
projected increase in the frequency and intensity of dry
summers. In contrast, atmospheric dynamics explains the
projected enhancement in both wet and dry summers,
indicating its importance in understanding future climate
change over the SE US. The results suggest that the inten-
sified SE US summer precipitation variance is not a purely
thermodynamic response to greenhouse gases forcing, and
cannot be explained without the contribution of atmo-
spheric dynamics. Our analysis provides important insights
to understand the mechanisms of SE US summer precipi-
tation variance change. The algorithm formulated in this
study can be easily applied to other regions and seasons to
systematically explore the mechanisms responsible for the
changes in precipitation extremes in a warming climate.

Keywords Southeastern US summer precipitation
variance - Atmospheric hydrological cycle - Variance
partition algorithm - Thermodynamic and dynamic
components - Extreme precipitation

1 Introduction

The occurrence and severity of precipitation extremes are
tightly associated with the variance of precipitation’ (e.g.,
Katz and Brown 1992). As climate warms, more frequent
and severe extremes have been observed and verified by

! The variance of precipitation measures how precipitation records
are spread out. High variance in precipitation shows a higher
probability of precipitation to deviate from its climatological mean,
indicating an increasing likelihood of both dry and wet extremes in
precipitation.
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models (e.g., Karl and Knight 1998; Kharin and Zwiers
2000; Trenberth et al. 2003; Trenberth 2011; Mahajan et al.
2012). The changes in climate extremes are attributable to
the enhancement of precipitation variance resulting from
the acceleration of hydrological cycle (e.g., Giorgi and
Francisco 2000; Yang et al. 2003; Held and Soden 2006;
Huntington 2006; Seager et al. 2007, 2010; Lau et al.
2013). In addition, the changes in the hydrological cycle
can be either thermodynamic or dynamic (Seager et al.
2007, 2010). On the one hand, the warming of the tropo-
sphere tends to increase atmospheric moisture content,
thermodynamically intensify the atmospheric hydrological
cycle (e.g., Allen and Ingram 2002; Dai 2006; Held and
Soden 2006; Santer et al. 2007; O’Gorman and Schneiderb
2009; Seager et al. 2010, 2012; Sherwood 2010). On the
other hand, projected changes in atmospheric circulation
can also dynamically modulate the hydrological cycle (e.g.,
Vecchi et al. 2006; Cai et al. 2012; Li et al. 2012a; Scheff
and Frierson 2012; Feng and Fu 2013).

Changes in the thermodynamic and dynamic compo-
nents of atmospheric hydrological cycle have already
shifted the climatological patterns of regional precipitation,
which have been widely studied (e.g., Dairaku and Emori
2006; O’Gorman and Schneiderb 2009; Skific et al. 2009;
Kawase et al. 2010). However, the relative contributions of
atmospheric thermodynamics and dynamics to changes in
precipitation variance are poorly understood, which ham-
pers the mechanistic interpretation of regional climate
change, in particular of extreme events.

More importantly, existing analysis methods cannot
separate the thermodynamic and dynamic contributions to
the variance of hydrological cycle without strict assump-
tions. For example, Seager et al. (2012) inferred thermo-
dynamic and dynamic contributions to variance changes in
the global hydrological cycle, by assuming that the El Nifio
Southern Oscillation (ENSO) dominates the variance of the
hydrological cycle. However, this assumption would not be
applicable in regions where the ENSO induced variance is
insignificant, particularly in the summer (e.g., Clark et al.
2000; Kushnir et al. 2010; Li et al. 2013b). Thus, a more
generalized method, explicitly quantifying the thermody-
namic and dynamic contributions to precipitation variance
change, is needed to identify the causes of hydroclimatic
change especially on a regional scale.

This study proposes a generalized variance partition
algorithm to advance the mechanistic study of global and
regional hydrological cycles. This algorithm is applied to
summer precipitation over the Southeastern United States
(SE US), a fast developing region of the nation, where the
variance of summer precipitation has significantly intensi-
fied in recent decades and the resultant extreme events have
risked regional agriculture, ecology, and water manage-
ment (e.g. Manuel 2008; Martinez et al. 2009; Gotvald and
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McCallum 2010; Wang et al. 2010; Li et al. 2011). Fur-
thermore, climate models suggest that SE US summer
precipitation variance will intensify by the end of the
twenty-first century, indicating a higher likelihood of future
summer climate extremes (Li et al. 2013a; Wuebbles et al.
2013). Thus, there is a pressing need to understand the
processes and causes responsible for the projected changes
in summer precipitation variance.

By implementing the variance partition algorithm to SE
US summertime hydroclimate as simulated by the phase 5
of Coupled Model Intercomparison Project (CMIP5)
models and reanalysis datasets, this study aims to achieve
two scientific objectives: (1) to explore the processes and
factors that constrain CMIP5 models’ skill in simulating
the SE US summer precipitation variance; and (2) to
quantify thermodynamic and dynamic contributions to the
enhanced SE US summer precipitation variance in a
warming climate, upon which mechanisms responsible for
regional precipitation change are provided.

The rest of the manuscript is organized as follows. In
Sect. 2, the data used to calculate the regional atmospheric
hydrological processes are presented. The variance parti-
tion algorithm is formulated in Sect. 3. The algorithm is
then implemented in Sect. 4 to diagnose the thermody-
namic and dynamic contributions to the SE US summer
precipitation variance simulated by CMIP5 models in
current climate. In Sect. 5, the algorithm is applied to
assess the mechanisms of future intensification of SE US
summer precipitation variance. Conclusions are given in
Sect. 6.

2 Observation, reanalysis datasets, and CMIP5 model
output

In this study, the observed precipitation, multiple reanaly-
sis datasets, and the output from CMIP5 models are applied
to quantify the atmospheric branch of the hydrological
cycle over the SE US and to project future changes in
regional hydroclimate. The observed precipitation is
derived from the ensemble of three datasets including the
National Oceanic and Atmospheric Administration
(NOAA)’s PRECipitation REConstruction over Land
(Prec/L) datasets (Chen et al. 2002); NOAA Climate Pre-
diction Center (CPC) US unified precipitation (Higgins
et al. 2000) and the Global Precipitation Climatology
Centre (GPCC) monthly precipitation dataset (Rudolf et al.
2005), following Li et al. (2013a).

The variables used to quantify the atmospheric hydro-
logical cycle are specific humidity, wind velocity, and
surface pressure. These variables are adopted from multiple
reanalysis datasets to ensure the robustness of the analysis
results: National Centers for Environmental Prediction



Thermodynamic and dynamic contributions to future changes

(NCEP)/National Center for Climate Research (NCAR)
(Kalnay et al. 1996), European Center for Medium-Range
Weather Forecasting (ECMWF) 40 year Reanalysis (ERA-
40) (Uppala et al. 2005), Japanese 25-year Reanalysis
Project (JRA-25) (Onogi et al. 2007) and NCEP North
American Regional Reanalysis (NARR) (Mesinger et al.
2006). Previous studies suggest that the four datasets are
consistent in characterizing SE US summertime atmo-
spheric hydrological processes, as well as quantifying their
contributions to SE US summer precipitation variance (Li
et al. 2013b). In this study, we used the ensemble the four
reanalysis datasets over their overlapping periods” to ana-
lyze the atmospheric hydrological cycle over this region.
The ensemble method further minimizes the uncertainties
introduced by the choice of reanalysis datasets (Zhou and
Yu 2005; Feng et al. 2012; Li et al. 2013b; Lin et al. 2014).

The summer season is defined as June—July—August
(JJA) and the seasonal mean refers to the average over JJA.
The SE US is defined as the terrestrial domain over 91°W—
76°W, 25°N-36.5°N, namely seven states including North
Carolina, South Carolina, Georgia, Florida, Alabama,
Tennessee and Mississippi. Precipitation and moisture
transport are domain averaged to emphasize the large-scale
(>1,000 km) features of the summertime hydroclimate
over the SE US. We are aware of the spatial heterogeneity
in SE US summer precipitation (e.g. Konard 1997; Rhee
et al. 2008), which cannot be fully resolved by current
reanalysis datasets and CMIP5 models. However, the var-
iation of SE US summer precipitation can be largely
explained by a spatially homogenous pattern (Li et al.
2013b). This homogenous large-scale pattern is well cap-
tured by most CMIP5 models (Li et al. 2013a). Thus, both
observational data and CMIP5 models show a high confi-
dence in quantifying the area-averaged summertime hy-
droclimate over the SE US, ensuring the reliability of the
analysis results.

Future changes in SE US summertime hydroclimate are
investigated by analyzing the atmospheric hydrological
processes simulated by CMIPS models. Two experiments
are considered: the Historical run (1950-1999) and the
Representative Concentration Pathway (RCP) 4.5 scenario
(2050-2099). The Historical experiments represent the
current climate and are driven by observed atmospheric
composition changes. The time-evolving land cover chan-
ges are for the first time considered in CMIP5 models
(Taylor et al. 2012). The RCP4.5 is a midrange mitigation
emission scenario, within which the CO, concentration
increases to 650 ppm in 2100 and is stabilized afterward.

2 During 1958-1999, the atmospheric moisture budget is calculated
as the average of NCEP/NCAR and ERA-40; during 1979-1999, the
moisture budget is calculated as the average of NCEP/NCAR, ERA-
40, JRA-25 and NARR. From 1950 to 1957, only NCEP/NCAR
dataset is used.

Table 1 CMIP5 models used in this study

Model Resolution (Lat. x Lon., Ensemble members

level) I —

Historical RCP4.5
BCC-CSM1-1 T421.26 3 1
CCSM4 192 x 228126 6 6
CESM1-BGC 192 x 228126 1 1
CESMI-WACCM 96 x 1441.26 4 3
CNRM-CM5 T127L32 10 1
CSIRO-MK3.6.0 T63L18 10 10
FGOALS-s2 128 x 108L26 3 2
GFDL-CM3 90 x 144148 3 1
GFDL-ESM2G 90 x 1441.24 3 1
GFDL-ESM2M 90 x 144124 3 1
HadGEM2-CC 144 x 192160 3 1
INM-CM4 120 x 180L21 1 1
IPSL-CM5A-LR 95 x 96L.39 5 4
MIROC5 T85L40 4 3
MIROC-ESM T421L.80 3 1
MPI-ESM-LR T63L47 3 3
MRI-CGCM3 T159L48 5 1
NorESM1-M 96 x 144126 2 1

Meanwhile, the radiative forcing steadily increases to
4.5 W m~2 till 2100 and is then stabilized (Moss et al.
2010; Taylor et al. 2012). These two experiments are the
core of CMIP5 long-term experiments, which are given
higher priority by modeling centers (Taylor et al. 2009,
2012). Thus, output from these two experiments consists of
larger sample size and ensures the statistical robustness of
the analysis. We analyze 18 models that provide all vari-
ables required for the analysis of atmospheric hydrological
cycle (Table 1).

3 Variance partition algorithm and its application
to diagnose hydroclimatic variance change

The analysis of the SE US summertime hydrological cycle
in the current climate indicates that the variance of SE US
summer precipitation can largely be explained by the
seasonal mean component of moisture transport (MTM) (Li
et al. 2013b; see also “Appendix 1”). The MTM variance,
in turn, is determined by the combined contributions from
thermodynamic (specific humidity) and dynamic (wind)
factors. However, quantification of thermodynamic and
dynamic contributions to MTM variance is difficult,
because sample variance reflects the second moment of the
statistical samples, which is intrinsically more complicated
than the sample mean. Specifically, the changes of MTM
variance are not only caused by the changes in the variance
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of thermodynamic and dynamic factors, but also by the
changes in the mean states of thermodynamics and
dynamics, as well as their covariance. The multiple con-
tributing factors make it hard to diagnose the processes/
factors key to the variance change. Previous studies on the
partition of hydroclimatic variance change are based on
strict assumptions, including that ENSO explains the
majority of the variance of hydrological cycle (Seager et al.
2012). For seasons or regions where ENSO’s influence is
weak, the assumption will be violated and the variance
change mechanism cannot be easily diagnosed.

This study develops an algorithm, which requires no
prior assumptions, to explicitly quantify the thermody-
namic and dynamic contributions to variance changes of
regional hydrological cycle. According to the definition of

sample variance: var(Y) =157 (y; =137 yi)z, no
information regarding data alignment is needed to calculate
sample variance (Hoff 2009; DeGroot and Schervish
2011). Utilizing such a statistical property, the algorithm is
formulated as following.

Let Y, denote a n-year such as 50-year MTM time series
in climate state 1, and Y, in climate state 2 (i.e., Y; and Y,
are column vectors).

Step (1) Permute both Y; and Y, so that
Vi 18V 25... <y i...<... <y s0. Here, the sub-
script 7 denotes the time series after permutation, while the
number i €{1, 2, ..., 50} in the subscript denotes the i-th
element of the time series. After the permutation, the year
with the strongest moisture convergence is ranked the first,
while that with the strongest moisture divergence is ranked
the last. The sample variance calculated from the permu-
tated time series remains the same as that from the original
time series without permutation. However, the quantifica-
tion of thermodynamic and dynamic contributions to the
variance changes can be simplified (See below and
“Appendix 27).

Step (2) Identify specific humidity (thermodynamics)
and wind (dynamics) corresponding to each MTM quantile
in climate state 1 and 2: Yy, = [" V- (qlnvln)dp and
Yy, = j;)"y V- (qzn\_/'zn)dp are column vectors with 50
elements (i.e. samples from the 50-year time series). The
ith element corresponding to the i-th quantile of the

MTM are yi; ;= [;* V- (6]1n_i‘71n_i)dp, Yor_i = Jo' V-
(anAi‘_/’znA,')dp, respectively.

Step (3) Calculate the quantile differences of specific
humidity (thermodynamics) and wind (dynamics) between

climate state 1 and state 2: Ag, = ¢ar — G AV, =

Vax — Vig, with the changes of the thermodynamic and
dynamic components in the i-th quantile being Ag, ; =

Grni — qiniand AV, ;= Vo, ; — Vi _j, respectively.
The variance of MTM in state 2 can be expressed as:
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Ps Ps
var(¥a) =var| [ V- (@uVi)dp+ [ V- (80.70)ap
0 0
Ps Ps
0 0

(1)
Generally, the Ag, and A\7n are small deviations from
g1 and \71n, after the permutation.3 Thus the term

V- (Agr _‘n Ip can be neglected, an .1 can be
o V- (Aq:AV,)d, b glected, and Eq. 1 b
simplified as:

ps
— pJ —
var(Ya,) & var /V- (qanln)dp—k/ V- (AgzViz)dp
) 0
P
+ / V- (q1:AV)dp 2)
0

Step (4) Partition Eq. 2 using the statistical relation-
ship that var(a+ b+ c¢) = var(a) + var(b) + var(c)+
2cov(a,b) + 2cov(a,c) + 2cov(b,c), where cov(a,b) is
the covariance operator:

Ds Ps
var| [V (anVidp+ [ V- (da.Tr0)dp
0 0
Py

+/v (QInAvn)dp
0
Ps Ps

= var /V- (qlnvln)dp + var /V~ (Aqnvln)dp
0 0

Ps
+ var /V- (91:AV )dp
0

Ps Ps

+ 2cov V- (qln‘_}ln)dpv V- (Aqn‘_}ln)dp
0 0
Ps Ps

+ 2cov /v : (qlnvln)dpv / V- (qlnAVn)dp
0 0
Ps Ps

+ 2cov /V~ (Aqnvln)dp,/v- (qlﬂAVn)dp
0 0

(3)

3 Before permutation, var([?* V- (AgAV)dp) cannot be neglected,
because, due to the randomness of climate variability, Ag and AV is
not necessarily a small deviation from the original climate state. Thus,
permutation is needed to separate the thermodynamic and dynamic
contributions in the covariance terms (see “Appendix 27).
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In the right-hand-side of Eq. 3, Var(fo“' A (qln\_}ln)dp)
= var(Y1y), thus,

var(Ys,) — var(Yig)
ps

=~ var /V- (Aqnvln)dp
0

A
Ds

Ps
+ 2cov /v (QIHVln)dpa/V' (Aqnvln)dp
0 0

B

ps
+ var /V- (qlnAVm)dp
0

C
Ps Ps
+ 2cov /v ' (QInVln)dpa/V : (qlnA‘_)n)dp
0 0

D
Ps

Ps
+ 2cov /V- (Aqnvln)dp,/v- (qlnAVn)dp
0 0

(4)

The left hand side of Eq. 4 is the differences of MTM
variance between climate state 1 and state 2. On the right hand
side, the thermodynamic and dynamic contributions to vari-
ance changes are quantified explicitly. Specifically, terms A
and B (terms C and D) only involve the differences in specific
humidity (wind), and thus reflect the thermodynamic
(dynamic) contributions to variance changes. Term E involves
both specific humidity and wind, and thus denotes the cou-
pling between thermodynamic and dynamic processes.

Equation 4 partitions the difference in MTM variance
between two climate states (such as the twentieth and
twenty-first century climate) into those resulting from
thermodynamic components (terms A and B), dynamic
components (terms C and D), and their coupling processes
(term E). Thus, it can be implemented to diagnose ther-
modynamic and dynamic contributions to the changes in
MTM variance in future climate. This algorithm can also
be implemented to evaluate GCM simulations of MTM
variance by comparing model simulations with the
reanalysis ensemble.

It is noteworthy that this algorithm utilizes the general
rule of sample variance calculation, and requires no addi-
tional assumptions about statistical samples. Thus, the
algorithm can be applied to any region and/or any season to

diagnose the variance changes in regional hydroclimate. In
this study, this algorithm is applied to SE US summertime
hydroclimate to (1) provide a process-level evaluation of
CMIP5 model skill in simulating the variance of SE US
summer precipitation, and (2) quantify the thermodynamic
and dynamic contributions to MTM and precipitation var-
iance change in a warming climate in order to understand
the mechanisms responsible for future changes in hydro-
climatic variance.

4 Evaluation of SE US summertime hydroclimatic
processes in CMIPS models

The analysis of observed atmospheric hydrological cycle
over the Southeast suggests that the MTM process is
essential to SE US summer precipitation and its variance
(Fig. 6). Thus, it is likely that the simulations of the MTM
processes also determine the skill of the “state-of-the-art”
GCMs in simulating SE US summer precipitation variance.
Hereafter we will evaluate the performance of CMIP5
models in simulating summer precipitation variance and its
relationship with the MTM. Causes of the modeled biases
in SE US summer precipitation variance will also be
diagnosed using the variance partition algorithm formu-
lated in Sect. 3.

4.1 CMIP5 model simulations of SE US summer
precipitation variance and its relationship
with the MTM

The observed precipitation and the reanalysis ensemble
suggest that the maximum likelihood estimator (MLE) of
precipitation and MTM variance is 0.42 and 0.49 mm?
day_z, and the 99 % confidence intervals (Cls) are [0.22
0.67] and [0.32 0.84] mm? day_z, respectively (Fig. la).
These statistics provide an evaluation metric to assess
CMIP5 model simulations of SE US summertime hydro-
climate. The precipitation and MTM variance in the
ensemble of CMIP5 models are within the 99 % CI of the
observations, although the ensemble of the climate models
underestimates the variance of both variables compared to
the MLE of observations (Fig. 1a). Generally, the simu-
lated precipitation and MTM variance shows a linear
relationship, with models simulating higher MTM variance
also simulating higher precipitation variance. It thus indi-
cates the importance of MTM for a reasonable represen-
tation of SE US summertime hydroclimatic variance
(Fig. 1a). Among the 18 CMIP5 models, seven models
reasonably capture the precipitation and MTM variance,
i.e., the simulated variances of both variables are within the
99 % CI derived from observations (Fig. 1a). Furthermore,
six out of the seven models capture the observed
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Fig. 1 a Variance of SE US summer precipitation (unit: mm? day~?)
and MTM (unit: mm? dayfz) in observations (red asterisk), the
simulations by CMIP5 models (up triangles), and the ensemble of
CMIP5 models (blue asterisk). The black dashed lines are the lower
and upper and bounds of 99 % confidence interval (CI) of observed
precipitation and MTM variance; b correlation between precipitation
and MTM versus the variance of MTM in observations (red asterisk),

relationship between precipitation and moisture transport
(Fig. 1b), where the simulated MTM explains more than
50 % of the precipitation variance. These six models are
categorized as Ist class models due to their capability to
represent the key processes responsible for SE US summer
precipitation variance.

The reasonable simulations of SE US summertime hy-
droclimatic processes by the six models are attributable to
their relatively higher variance of the MTM. As shown in
Fig. 1b, models that simulate higher MTM variance tend to
have higher correlation coefficients between the simulated
MTM and precipitation. The result is verified by observa-
tion-based Monte-Carlo samples. 5000 Monte-Carlo sam-
ple sets are created, each consisting of two 30-year
hypothetical time series that are randomly drawn from the
observed precipitation and MTM, respectively. The corre-
lation coefficients between precipitation and MTM are
calculated and are shown against the MTM variance in
Fig. 1b. It is shown that the relationship between MTM and
precipitation depends on the variance of MTM. Generally,
the sample sets with smaller MTM variance show less
significant correlation coefficients between MTM and
summer precipitation (Fig. 1b). The correlation coefficients
increase as the MTM variance increases, indicating that
MTM has a stronger modulation effect on SE US summer
precipitation at its high variance state (Fig. 1b). Such an
observed empirical relationship can also be seen in the
simulations by CMIP5 models (Fig. 1b), which further
emphasizes the importance of MTM variance in reasonable
simulations of SE US summertime hydroclimate and its
variance.

In summary, evaluation of CMIP5 models indicates that
six out of 18 (33 %) models reasonably capture the vari-
ance of SE US summer precipitation at process level
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the simulations by CMIP5 models (triangles), and the ensemble of
CMIP5 models (blue asterisk). The up triangles represent the models
that simulate both the variance of precipitation and MTM within the
observed 99 % CI; while the down triangles denote the simulations
outside the 99 % CI. In b, the results using the 5,000 hypothetical
time series with samples randomly drawn from the observed summer
precipitation and MTM are shown in gray crosses

(Fig. 1). These models are ranked as 1st class models and
will be implemented to project future changes in SE US
summer precipitation, and to analyze the mechanisms
underlying the future changes in precipitation.

4.2 Causes of the models bias in the MTM variance

Observations demonstrate that the MTM is important to
precipitation variance over the SE US (Fig. 6). In CMIP5
models, the variance of MTM statistically determines the
skills in simulating the relationship between MTM and
precipitation (Fig. 1b), i.e., the most important hydrolog-
ical relationship for SE US summer precipitation variance
(Li et al. 2013b; see also Fig. 6). Thus, realistically sim-
ulating the variance of MTM is vital to capture the SE US
summertime hydroclimate. However, most (83.3 %)
CMIP5 models underestimate the variance of MTM
compared to the MLE of the reanalysis ensemble, and the
bias in multi-model ensemble is —0.12 mm? day >
(Fig. 1a). It indicates that summer precipitation extremes
tend to be underestimated by CMIP5 models in the
Southeast. Understanding the factors that cause the
underestimation of MTM variance, either thermodynami-
cally or dynamically, will help to improve the skills of
GCMs in simulating summer precipitation variance and
extremes in the region.

The variance partition algorithm in Sect. 3 is imple-
mented to quantify the MTM bias introduced by errors in
CMIP5 model-simulated thermodynamic and dynamic
factors. Here, ¢, (g»,) and Vi (‘727:) are the specific
humidity and wind in the reanalysis ensemble (each
CMIP5 model) corresponding to each quantile of MTM.

Agr = ¢ — q1r and AV, = Vi — Vip denote the
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Fig. 2 a Bias in the MTM variance as simulated by 18 CMIP5
models (gray bars, unit: mm?> dayfz), and the thermodynamic (red
bars, calculated as terms A and B in Eq. 4) and dynamic (blue bars,
calculated as terms C and D in Eq. 4) contributions to the bias in
MTM variance (unit: mm® day™); b, ¢ are the quantile—quantile
(QQ) plots of thermodynamically and dynamically corrected MTM in

quantile differences in thermodynamic and dynamic com-
ponents between CMIP5 models and the reanalysis
ensemble.

The thermodynamic (dynamic) contributions are quan-
tified as the sum of Terms A and B (Terms C and D) in
Eq. 4, and are compared with the total MTM variance bias
in Fig. 2a. In 14 out of the 18 (77.8 %) CMIP5 models, the
biases in MTM variance are likely caused by the dynamic
components. In contrast, thermodynamic components are
only important in four (22.2 %) models (Fig. 2a; model
#12, #14, #16, and #17). Averaged over the 18 CMIP5
models, the errors in dynamic components contribute
—0.14 mm? dayf2 bias to the variance of MTM, whereas
the thermodynamic components only contribute
0.01 mm? day ? bias. The bias caused by the dynamic

L B SR L el
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Reanalysis Ensemble

-2.0

CMIP5 models versus the MTM calculated using reanalysis ensem-
ble, respectively. The red and blue dots in b and ¢ are the ensemble of
CMIP5 models at each quantile, and the error bars denote the 95 %
ClIs of the moisture transport derived from the 18 CMIP5 models. The
solid and dashed lines in b and c are the one-to-one lines and the best
least square fitting lines, respectively

components is close to the total MTM bias (—0.12 mm?>
day~?) as in the ensemble of CMIP5 models. Compara-
tively, the dynamic components are more responsible for
the underestimation of MTM variance than the thermody-
namic components, according to the variance partition
algorithm.

The contribution of dynamic components to the model
bias in MTM variance is further verified by the quantile—
quantile (Q-Q) plots (Fig. 2b, ¢). In Fig. 2b, c, thermo-
dynamic and dynamic components simulated by CMIP5
models are corrected to the reanalysis ensemble, respec-
tively, at each MTM quantile. Merely correcting the model
simulated thermodynamics (specific humidity), the MTM
in the lower and upper quantiles are still underestimated
compared to the reanalysis ensemble (Fig. 2b). The
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Fig. 3 850 hPa horizontal wind anomalies (vector, unit: m sh
associated with the upper (a, b) and lower (¢, d) 10-percentile of
MTM in observations (left panels) and the ensemble of CMIP5

limited improvement brought by thermodynamic correc-
tions indicates that the MTM bias more likely comes from
the errors in the dynamic fields, i.e., atmospheric circu-
lation. After correcting the circulation fields, the proba-
bility behavior of MTM better approximates that of the
reanalysis ensemble, especially at the upper and lower
quantiles (Fig. 2c).

Furthermore, the modeled dynamic components at the
upper and lower 10-percentile of MTM, i.e., highest
moisture convergence and divergence, are compared to
those in the reanalysis ensemble using the 850 hPa wind
anomalies (Fig. 3). Corresponding to the upper (lower)
10-percentile of MTM, the reanalysis ensemble shows an
anomalous anticyclone (cyclone) over the SE US (Fig. 3a,
c¢). In the ensemble of CMIP5 models (Fig. 3b, d), both
the anticyclone and cyclone associated with the upper and
lower tail of MTM are substantially underestimated
compared to the reanalysis ensemble (Fig. 3a, b). Such a
bias in CMIP5 model simulated dynamic fields may result
from the incapability of most CMIP5 models to simulate
the modulation effects of the North Atlantic Subtropical
High (NASH) western ridge on SE US summer precipi-
tation (Li et al. 2013a). The weaker circulation anomalies
in CMIP5 model simulations lead to insufficient
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models (right panels). Here, the upper (lower) 10-percentile of MTM
corresponding to moisture divergence (convergence)

convergence/divergence of moisture over the SE US, thus
weakening the MTM and precipitation variance in CMIP5
models.

In conclusion, CMIP5 models generally underestimate
the MTM variance over the SE US, which further leads to
an underestimation of precipitation variance. The variance
partition algorithm identifies that the dynamic components
are the primary sources of the model biases in simulating
the MTM variance. Thus, improvements in the dynamic
components are needed to improve the prediction skills of
CMIP5 models in simulating the variance of SE US sum-
mertime hydroclimate.

S Thermodynamic and dynamic contributions
to the intensified variance of SE US summer
precipitation in a warming climate

Compared to observations, six out of the 18 (33 %) CMIP5
models reasonably capture the variance of SE US summer
precipitation and MTM, as well as the relationship between
the precipitation and MTM. These six models are further
analyzed to study future changes in SE US summertime
hydroclimate.
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Fig. 4 Changes in the SE US summertime climatology of a precip-
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from historical run (1950-1999) to RCP4.5 scenarios (2050-2099).
The probability density function (PDF) curves constructed based on

5.1 Future changes in SE US summertime
hydroclimate

Figure 4 shows the projection of future changes in SE US
summer precipitation and MTM by the ensemble of the 1st
class models. Changes in precipitation and MTM clima-
tology show a dipole pattern, with precipitation and
moisture convergence increasing over the eastern coasts,
but decreasing westward (Fig. 4a, b). Over the SE US, the
changes in mean precipitation and MTM as projected by

Moisture Convergence Anomaly (mm/day)

areal-averaged SE US summer precipitation and MTM anomalies are
shown in e and f respectively. In a and b, the grid points with changes
significant at 0.05 level by  test are stippled; while in ¢ and d the
stippled are the grid points with variance changes passing o = 0.05 F
test

the ensemble of 1st class models are too weak to pass the
student ¢ test (Fig. 4a, b), consistent with (Kitoh et al.
2013). In contrast, the 1st class models consistently project
a significant increase in summer precipitation variance
(o = 0.05 level by F test) throughout the entire domain
(Fig. 4c). The increases in precipitation variance are most
apparent along the eastern coast, slightly weak inland. The
increase in precipitation variance and its spatial pattern are
consistent with the projected MTM variance throughout the
entire domain (Fig. 4d). Such a consistency suggests that
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Fig. 5 PDF curves of a thermodynamic (solid black curve) and b dynamic components (dashed black curve) of MTM over the SE US and their
comparison with the historical (solid blue curve) and RCP4.5 PDF (solid red curve)

the changes in MTM processes might be responsible for the
intensified precipitation variance over the SE US in a
warming climate.

Future changes in SE US summer precipitation and
MTM can also be illustrated by the probability density
functions (PDFs) of the areal-averaged precipitation and
MTM. The Normal distribution is used to fit the MTM,
while the Gamma distribution is used to fit the summer
precipitation considering the non-negative constraint and
the skewness of precipitation distribution.* Prior to con-
structing the PDFs, both precipitation and MTM samples
are quantile normalized to avoid artificial variance intro-
duced by the spread of model response to greenhouse gases
(GHGs) forcing (Bolstad et al. 2003; Li et al. 2013a).

The precipitation PDFs show no apparent shift in the
mean under the RCP4.5 scenarios, whereas the variance
increases significantly (Fig. 4e), since the scale parameters
(reflecting the “statistical dispersion”) increase at o = 0.01
level. Both the dry and wet tails of the RCP4.5 PDF extend
further, suggesting an intensification of precipitation vari-
ance in a warming climate (Fig. 4e), consistent with Li
et al. (2011, 2013a).

The increases in SE US summer precipitation variance
can be explained by the intensified variance in MTM
(Fig. 4f). Compared to the Historical simulations, increases
in GHGs do not shift the modes of MTM PDFs at all,
indicating the climatology of MTM will likely remain the
same in the future in the region (Fig. 4f). In contrast, the

* The Log-Normal, Log-Pearson Type III, and Generalized extreme
value—Type II distribution kernels have also been tested. For SE US
summer precipitation, these distribution kernels do not show obvious
advantage over the Gamma kernel, although they imply higher
complexity. Most importantly, the precipitation PDFs constructed
using these different kernels suggest the same changes in future
precipitation over the SE US. Thus, only the results based on Gamma
distribution kernel are discussed and presented here.
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tails of the RCP4.5 PDF extend, suggesting both the
divergence and convergence of moisture flux will be
enhanced in the future (Fig. 4f). The intensified moisture
divergence (convergence) over the SE US could lead to a
deficit (excessiveness) in SE US summer precipitation,
exacerbating drought (fluvial) conditions in a warming
climate.

The similarities in the precipitation and MTM PDFs
further emphasize the importance of MTM in regulating SE
US summer precipitation variance in current and future
climate. Overall, Fig. 4 suggests that the variance of SE US
summer precipitation would further intensify in the future
(Fig. 4c, e), which can be largely explained by the changes
in MTM (Fig. 44, f).

5.2 Thermodynamic and dynamic contributions
to the intensification of SE US summer
precipitation variance in the future

The 1st class models project that SE US summertime
hydrological cycle will become more variable under the
RCP4.5 scenarios. The variance of precipitation will sig-
nificantly increase in a warming climate, which is tightly
associated with an increased MTM variance. Previous
studies suggest that both thermodynamics and dynamics
can cause changes in hydrological cycle under warming
scenarios (e.g., Held and Soden 2006; Huntington 2006;
Vecchi et al. 2006; O’Gorman and Schneiderb 2009; Sea-
ger et al. 2010; Trenberth 2011). The thermodynamic and
dynamic contributions to the intensified variance in SE US
summer precipitation are assessed by applying the variance
partition algorithm (Sect. 3) to the MTM.

For this application, ¢,, (¢;,) and \72n (Vln) are the
model simulated specific humidity and wind field under
RCP4.5 scenarios (Historical runs) at each MTM quantile.

Agr = q2n — q1r and AV, =Vo—Vix represent the
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Fig. 6 Pairs plot showing the SE US summertime (JJA) moisture
budget in the 1948-2007. The diagonal panel plots are the empirical
PDFs constructed based on 60 data samples corresponding to the six
components in moisture budget (Eqs. 7-8). The off diagonal panels
show the scatter plot between the paired moisture budget

quantile-based thermodynamic and dynamic differences
between RCP4.5 scenarios and Historical runs, respec-
tively. The thermodynamic contributions to future changes
in the MTM variance can be assessed by fixing AV, =0;
i.e., the dynamic components are kept at Historical level
and do not contribute to variance changes in RCP4.5
MTM. Equation 4 demonstrates that changes in MTM
variance come from Terms A and B. This thermodynami-
cally determined MTM variance can be expressed as:

Ps
var(Ymm) ~ var(Yy,) + var / V- (Aqnvln)dp

0
Ds

/v ' (AQnV‘ln)dp
0

+ 2cov| Yiz,

P
= var /V~ (q2n\71n)dp (5)
0

components. The solid red curves are the locally weighted scatterplot
smoothing (LOWESS) curves fitted to the data samples. The dashed
red curves represent the upper and lower bounds of the 95 %
confidence interval of the fitted LOWESS curve. The dashed blue
lines are the best least square fitting lines

Similarly, by fixing Ag, = 0, Terms C, D, and E in
Eq. 4 vanish, and the dynamic contributions to moisture
transport variance can be expressed as:

ps
var(Ydyn) ~ var(Yy,) + var /V . (qlnAVn)dp

0
Ps

+ 2cov| Y1, /
0

V- (qlnAVn)dp

Ps
= var /V- (q1n‘72n)dp (6)
0

Thermodynamic (Eq. 5) and dynamic (Eq. 6) contribu-
tions to the changes of MTM under RCP4.5 scenarios are
compared by constructing PDFs using Y¢m and Ygy,. The
emphasis will be on the tail behavior of the thermodynamic
and dynamic PDFs, since the variance of statistical samples
is mainly reflected in the width of a distribution curve.
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Fig. 7 Absolute errors of variance change estimation without con-
sidering the Aa-Ab term in Eq. (10). The bars denote the maximum
likelihood estimator of absolute errors according to 1,000-time
Monte-Carlo simulations; the lower and upper limits of the error
bars denote the 99 % uncertainty range

Figure 5 shows the PDFs constructed using Yg,m and
Ygyn. Compared to the MTM PDF in Historical experi-
ment, both thermodynamic and dynamic PDFs show sub-
stantial extension of the distribution tails (Fig. 5); this
result suggests that both thermodynamics and dynamics
contribute to the increased MTM variance over the SE US
under the RCP4.5 scenarios. Thus, the changes in SE US
summer precipitation variance are not purely thermody-
namic responses of regional hydrological cycle to GHGs
forcing.

Specifically, the thermodynamics mainly contribute to
the extension of the wet tails. Meanwhile, the mode of the
thermodynamic PDF slightly shifts (although insignificant)
towards increased convergence of moisture over the SE US
(Fig. 5a). The shift in the PDF is consistent with the
thermodynamically driven changes in hydrological cycle,
with the wet regions generally getting wetter in a warming
climate (e.g., Allen and Ingram 2002; Held and Soden
2006; Chou et al. 2009). Over the SE US, the thermody-
namic contributions can explain the more frequent and
intensified wet summers as projected by CMIP5 models (Li
et al. 2013a), but fail to explain the extension of the
divergence tails in MTM PDFs and the enhancement of dry
summers (Figs. 4f, 5a).

In contrast, atmospheric dynamics explains the
enhancement of both dry and wet summers in a warming
climate, via its modulation of regional hydrological cycle
(Fig. 5b). Under the RCP4.5 scenarios, the tails of the
dynamic PDF extend towards stronger convergence and
divergence of moisture in the Southeast, which closely
resembles the PDF of the RCP4.5 MTM (Fig. 5b). Com-
pared to the thermodynamic PDFs, the dynamic contribu-
tions are particularly important in explaining future
changes in summertime drought over this region (Fig. 5).
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Synthetically, the changes in atmospheric dynamics exert a
broader impact on the variance change of SE US regional
hydrological cycle during summer seasons, which tend to
result in both extremely dry and wet summers in the future.

The dynamic contributions, as quantified using the
variance partition algorithm, are consistent with the pattern
shift of the NASH western ridge in a warming climate. The
NASH western ridge has been suggested to be one of the
most important circulation systems that regulates SE US
summer precipitation in current (e.g., Davis et al. 1997;
Katz et al. 2003; Li et al. 2011, 2012b) and future climate
(e.g., Li et al. 2011, 2013a; Wuebbles et al. 2013). In a
warming climate, the NASH western ridge would extend
further westward (Li et al. 2011, 2013a), and the occur-
rence of Northwest (NW)- and Southwest (SW)-type ridges
(Li et al. 2013a) would increase accordingly. Since the NW
(SW)-type ridges can cause anomalous divergence (con-
vergence) in the lower troposphere (Li et al. 2012a, b,
2013b) and thus dry (wet) summers over the SE US, their
increased occurrences could enhance SE US summer pre-
cipitation variance by dynamically regulating the regional
hydrological cycle.

6 Concluding remarks

Regional precipitation variance largely determines the
frequency and severity of extreme events, such as drought
and floods (e.g., Katz and Brown 1992). Studies suggest
that future climate change is expected to enhance precipi-
tation variance by accelerating the hydrological cycle. Yet,
diagnosing the causes of precipitation variance change
remains challenging, and leads to large uncertainties in
projecting extremes in future precipitation, especially at
regional scales.

Our study fills this gap by formulating a variance par-
tition algorithm and applying it to SE US summer precip-
itation. This algorithm utilizes the statistical characteristics
of sample variance to explicitly quantify the contributions
of atmospheric thermodynamics (specific humidity) and
dynamics (wind) to precipitation variance change. Using
SE US summertime hydroclimate as an example, the
algorithm is able to (1) identify the factors and processes
that constrain the skill of GCMs in simulating the variance
of precipitation; and (2) explore the mechanisms respon-
sible for future precipitation changes by quantifying the
thermodynamic and dynamic contributions to precipitation
variance.

Evaluation of CMIP5 model simulated SE US sum-
mertime hydroclimate suggests that GCMs underestimate
the MTM variance, leading to an underestimation of SE US
summer precipitation variance. The variance partition
algorithm further demonstrates that the underestimated
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precipitation and MTM variances are directly associated
with the biases in atmospheric dynamics (large-scale cir-
culation). Thus, improvements in simulating the large-scale
circulation are needed to achieve a better representation of
regional hydroclimate over the SE US.

Among the 18 CMIP5 models analyzed in this study, six
models reasonably simulate the summertime hydroclimate
in the twentieth century over the SE US. They are char-
acterized as the Ist class models and are implemented for
mechanistic study of future changes in SE US summertime
hydroclimate. These models collectively project an
increase in SE US summer precipitation variance in a
warming climate, caused by a higher variance of MTM.

According to the variance partition algorithm, the
increased MTM and precipitation variances result from a
combined thermodynamic and dynamic effect, with the
latter being more important. Specifically, the thermody-
namic contributions are manifested in the enhancement of
moisture convergence and the intensification of wet sum-
mers. However, thermodynamics alone cannot explain the
projected enhancement in summer drought, suggesting that
the variance changes in the SE US summertime hydro-
logical cycle are not a purely thermodynamic response to
GHG forcing. In contrast, changes in atmospheric
dynamics, i.e., the future changes in large-scale circulation,
result in the intensification of both wet and dry summers,
indicating that the dynamics explains a more complete
spectrum of future changes in the SE US summertime
hydrological cycle. Thus, to better understand the changes
in the SE US summertime hydrological cycle, especially
the intensification of summer drought, the dynamic pro-
cesses should be better simulated in “state-of-the-art”
models.

The projected changes in the dynamic components may
result from the pattern shift of the NASH western ridge in a
warming climate. As warming continues, the NASH wes-
tern ridge is expected to extend further into the US conti-
nent; the Northwest and Southwest-type ridge patterns
would increase accordingly. As the Northwest (Southwest)-
type ridge tends to enhance mass divergence (convergence)
at the lower troposphere and decrease (increase) summer
precipitation over the SE US (Li et al. 2013b), their
increased occurrence in the future could drive SE US
summer precipitation towards more extremes by dynami-
cally regulating the regional hydrological cycle.
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Appendix 1: Summertime hydroclimate over the SE US

On temporal scales longer than 10 days, the atmospheric
branch of the regional hydrological cycle is characterized
as the moisture balance between precipitation, evapo-
transpiration, and net moisture transport across the domain
lateral boundary (Brubaker et al. 1993). Thus, SE US
summertime hydrological cycle can be quantified as:

Ds

pug(P] — [E]) = — | V- / aVdp (7)
0

where P is precipitation; E is evapotranspiration; and V -
fO“' gVdp quantifies the net moisture transport across the
domain lateral boundary (hereafter, “moisture transport
(MT)” for abbreviation). The bars and [] denote the aver-
age over the JJA season and the domain average over the
terrestrial SE US, respectively.

The MT in Eq. 7 can be further partitioned into: MT
caused by JJA mean circulation (MTM), subseasonal-scale
eddies (MTE), and surface properties (MTS), respectively
(e.g. Trenberth and Guillemot 1995; Seager et al. 2010;
Seager and Henderson 2013):

Ps . Ps - Ps —
V-/qup:/V- (ch)dp—i—/V- (q/V/)a’p
0 0 0
——
MT MTM MTE

+ qu‘_/'s - Vps (8)
———
MTS

In Eq. 8, the JJA mean (denoted by bar) is calculated
using the average of 6-h (3-h for NARR) data in each
summer. The primes are the 6-h (3-h for NARR) deviation
from the JJA mean.

Equations 7 and 8 indicate that the variance of SE US
summer precipitation can be introduced by evapotranspi-
ration, MT processes associated with JJA mean flow (MTM
in Eq. 8), subseasonal-scale eddies (MTE in Eq. 8), and
surface properties (MTS in Eq. 8: surface moisture flux
across the surface pressure gradient), or the interaction of
these processes. Thus, a comprehensive analysis of the
regional hydrological cycle according to Eqs. 7 and 8
enables the diagnosis and quantification of the processes
that contributes to SE US summer precipitation variance.

Figure 6 shows the pair-wise relationship between terms
in Egs. 7 and 8 using observed precipitation and the
reanalysis ensemble. Generally, both evapotranspiration
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and MT linearly correlate with precipitation (Fig. 6).
However, the contribution of MT to precipitation variance
is far larger than that of evapotranspiration. The linear
regression between MT and precipitation has an R value
of 0.64, indicating that MT can explain the majority of SE
US summer precipitation variance. In contrast, the variance
explained by evapotranspiration is less than 10 %, sug-
gesting its role is secondary compared to MT processes.

Further, the MTM predominates the variance of MT and
precipitation. The reanalysis ensemble suggests that the
MTM explains more than 90 % of the MT variance, and
shows a near one-to-one relationship with precipitation. Its
contributions to summer precipitation outweigh that of the
MTE and MTS (Fig. 6). The MTE (associated with sub-
seasonal-scale systems, such as hurricane land fallings and
frontal systems) usually contributes to extreme weather
events over the SE US (e.g., Kunkel et al. 2010; Barlow
2011; Prat and Nelson 2013). However, on seasonal scales,
their contributions to SE US summer precipitation variance
are relatively small and nonlinear (Fig. 6).

Overall, the analysis of the atmospheric hydrological
cycle suggests that the variance of SE US summer pre-
cipitation is primarily controlled by the variance of MT,
while evapotranspiration is secondary. Furthermore, most
MT variance (90 %) can be explained by the MTM, indi-
cating the importance of the seasonal mean circulation in
regulating the variance of SE US summer precipitation.

Appendix 2: Variance change partition
without permutation

Without permutation, the MTM variance in state 1 to state
2 are expressed as var(Yy) = Var(fo" V- (qlvl)dp), and
var(Y,) = var( [ V- (q2V2)dp), respectively. Accord-
ingly, the changes of thermodynamic components (specific
humidity) between state 1 and state 2 are Aqg = ¢» — q1,
and the changes of dynamic components (wind) are

AV = 172 — ‘71. Thus, the changes of MTM variance in
state 2 can be expressed as:

P P
var(Y;) = var /V- (q1V1)dp + / V- (AqVy)dp
0 0

Ds Ps
+/v- (qlAV)dp+/V~ (AqAV)dp
0 0

9)
Unlike the term [7* V- (AgzAV)dp in Eq. (1), the term
o V- (AqAV)dp in Eq. (9) cannot be neglected because

Ag and AV is not necessarily a small deviation from the
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original state i.e., state 1. To verify this, we use hypo-
thetical Monte-Carlo samples as examples. Assume
Y; =a, by, and Y, = ay - by. We draw 1,000 samples of
both a; and b; from N(10, 0.8). In state 2, we keep a, the
same as a;, but draw b, from N(12, 1.0). Thus the variance
difference between Y, and Y is:

ovar = var(Y3) — var(Yy)
zvar(al -by +Aa- by +a; Ab+AaAb)
— var(a; - by) (10)

According to the 1000-time Monte-Carlo simulations of
Y, and Y,, the maximum likelihood estimator (MLE) of
ovar is 83.81.

Neglecting Aa-Ab on the right-hand side of Eq. (10),
then the estimated variance change would be
ovarey = var(a; - by + Aa - by + a; - Ab) — var(a; - by).
Without permutation, the absolute error of Jvar., in
comparison with dvar is 34.40 on average, which is
equivalent to 41 % of the total variance change (Fig. 7). It
indicates that Aa-Ab makes substantial contributions to
variance change, and thus cannot be neglected in Eq. (10)
without permutation.

Keeping Aa-Ab in Eq. (10), dvar is expressed as:

ovar = var(ay - by + Aa - by + a; - Ab + Aa - Ab) — var(a; - by)
= var(Aa - by) + var(a; - Ab) + var(Aa - Ab)
+ 2cov(ay - by, Aa - by) 4+ 2cov(ay - by, a; - Ab)
+ 2cov(ay - by, Aa - Ab)
+ 2cov(Aa - by, a; - Ab) + 2cov(Aa - by, Aa - Ab)
+ 2cov(Aa - by, a; - Ab) (11)

In Eq. (11), 4 additional terms are added compared to
Eq. (3); that are var(Aa-Ab), 2cov(a; - by,Aa- Ab),
2cov(Aa - by, Aa - Ab), and 2cov(a; - Ab, Aa - Ab). These
four terms involve the interaction between Aa and Ab,
which make their contributions to dvar inseparable.

In contrast, after permutation, Y1, = ai, - b1, and
Y2r = G2 - b2n. Aan = azp — ay;, and Ab, = byy — by,
are small deviation from a,, and b,,, respectively. Thus,
they can be neglected in Eq. (10) without introducing
significant errors. Neglecting Aa,-Ab,, the variance change
can be approximated as ovar.y p = var(aiy - b1z + Ady
bix + ayy - Abn) — Var(aln 'bln)'

According to the Monte-Carlo simulations of hypothet-
ical time series, the errors introduced by neglecting the
Aa,-Ab, term in the permutation case is only 2.02
(~2.4 % relative error), which is substantially smaller than
that without permutation (Fig. 7). It indicates that after
permutation, the variance partition can be simplified by
neglecting the Aa,-Ab, term. Applying the permutation, as
described in Sect. 3, to MTM time series, the contributions
of thermodynamic and dynamics to MTM variance change
can be quantified as in Eq. (4).
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