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Abstract The objective of this study is to determine the relative contributions of normalized convective
available potential energy (NCAPE), cloud condensation nuclei (CCN) concentrations, warm cloud depth
(WCD), vertical wind shear (SHEAR), and environmental relative humidity (RH) to the variability of lightning
and radar reﬂectivity within convective features (CFs) observed by the Tropical Rainfall Measuring Mission
(TRMM) satellite. Our approach incorporates multidimensional binned representations of observations of CFs
and modeled thermodynamics, kinematics, and CCN as inputs to develop approximations for total lightning
density (TLD) and the average height of 30 dBZ radar reﬂectivity (AVGHT30). The results suggest that TLD and
AVGHT30 increase with increasing NCAPE, increasing CCN, decreasing WCD, increasing SHEAR, and decreasing
RH. Multiple-linear approximations for lightning and radar quantities using the aforementioned predictors
account for signiﬁcant portions of the variance in the binned data set (R2 ≈ 0.69–0.81). The standardized
weights attributed to CCN, NCAPE, and WCD are largest, the standardized weight of RH varies relative to other
predictors, while the standardized weight for SHEAR is comparatively small. We investigate these statistical
relationships for collections of CFs within various geographic areas and compare the aerosol (CCN) and
thermodynamic (NCAPE and WCD) contributions to variations in the CF population in a partial sensitivity
analysis based on multiple-linear regression approximations computed herein. A global lightning
parameterization is developed; the average difference between predicted and observed TLD decreases from
+21.6 to +11.6% when using a hybrid approach to combine separate approximations over continents and
oceans, thus highlighting the need for regionally targeted investigations in the future.

1. Introduction
Since the launch of the Tropical Rainfall Measuring Mission (TRMM) satellite in 1997, researchers have used
more than 15 years of observations from the TRMM precipitation radar (PR) and Lightning Imaging Sensor
(LIS) to characterize the complex joint-frequency behavior of radar reﬂectivity and lightning within individual
convective features (CFs) [Nesbitt et al., 2000; Cecil et al., 2005; Liu et al., 2008, 2012]. It is well established that
lightning and deeply developed vertical radar reﬂectivity structures within CFs track with the strongest cores
of upward motion [Zipser et al., 2006; Liu et al., 2012] and that both lightning and radar reﬂectivity are sensitive to the size and concentrations of liquid and ice hydrometeors at speciﬁc altitudes (temperatures) within
vigorous convective clouds [Takahashi, 1978; Williams et al., 1991; Rinehart, 2004].
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Previous research also suggests that the development and temporal evolution of deep convective clouds are
collectively inﬂuenced by the absolute magnitude of convective available potential energy (CAPE) and its vertical distribution in the environment (i.e., normalized CAPE (NCAPE)) [Emanuel, 1994; Blanchard, 1998; Zipser,
2003; Bang and Zipser, 2016], the distance between cloud base and the local height of the 0°C isotherm (i.e.,
warm cloud depth; WCD) [Williams and Stanﬁll, 2002; Williams et al., 2005; Carey and Buffalo, 2007; Albrecht
et al., 2011], and the concentration of cloud condensation nuclei (CCN) in the boundary layer [Andreae
et al., 2004; Khain et al., 2005, 2008; van den Heever et al., 2006, 2011; Tao et al., 2007, 2012; Rosenfeld et al.,
2008, 2014; Altaratz et al., 2014], as well as vertical wind shear (SHEAR) [Khain et al., 2008; Fan et al., 2009,
2013; Igel and van den Heever, 2015] and relative humidity (RH) [Fan et al., 2007; Grant and van den Heever,
2014, 2015; Wall et al., 2014] in the lower and middle troposphere. Investigations of the relative inﬂuence
of aerosols on deep convection while controlling for environmental thermodynamics by studying convective
clouds within select geographic areas [e.g., May et al., 2009, 2011; Altaratz et al., 2010; Yuan et al., 2011; Storer
et al., 2014], instituting simultaneous observational strategies [e.g., Williams et al., 2002; Koren et al., 2010,
2012; Wall et al., 2014; Fuchs et al., 2015; Igel and van den Heever, 2015; Stolz et al., 2015; Guo et al., 2016],
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or explicitly accounting for multiple input variables in controlled cloud model experiments [e.g., Khain et al.,
2008; Storer et al., 2010; van den Heever et al., 2011; Storer and van den Heever, 2013; Li et al., 2013] are common. Findings from the aforementioned collection of literature are in some cases contradictory.
Grant and van den Heever [2015] found that precipitation intensity in multicellular convection was sensitive to
increasing aerosols when considering the evaporation rate of cloud droplets with respect to changing the
height and ambient humidity of environmental dry layers; higher evaporation rates and stronger cold pool
forcing of secondary convection resulted from dry layers located near cloud base, leading to an overall
increase in rainfall. Both Li et al. [2013] and Shefﬁeld et al. [2015] contend that aerosols are responsible for
the transition from shallow convective to congestus or deep convective modes, especially in pristine environments such as over the West Paciﬁc Warm Pool. Storer et al. [2010] found approximately comparable
increases in ice water path (~30–50%) in simulations of deep convective clouds over continents for a 575%
increase in CAPE (holding aerosols constant) and 400% increase in CCN (holding thermodynamics constant).
Based on the ﬁndings of Storer et al. [2010], it is reasonable to expect comparable responses in lightning frequency with respect to CAPE and CCN, since both of these environmental factors theoretically affect graupel
production and the relative supply of supercooled water in the mixed-phase region of the cloud—key inputs
for noninductive thunderstorm charging to proceed [e.g., Saunders, 1993].
In contrast, Fuchs et al. [2015] analyzed more than 4000 storm observations in a variety of environments over
the continental United States, and their results showed that the inﬂuence of NCAPE and WCD on continental
convective clouds was larger than the inﬂuence of CCN. Fuchs et al. noted that estimates of CCN concentrations very rarely dropped below 700 cm3 in each of the four domains that they studied; their results suggest
that the role of aerosols may diminish when the environment is consistently polluted. Bang and Zipser [2016]
studied archetypes of deep CFs over the Congo River basin and western Paciﬁc Ocean and noted higher
NCAPE and shallower WCD (higher lifted-condensation levels (LCLs)) for the continental subset of CFs over
the Congo region, where lightning climatology from TRMM [e.g., Cecil et al., 2014] routinely depicts high lightning rates. In a study over the Amazon, Williams et al. [2002] observed negligible changes in lightning/radar
reﬂectivity in the premonsoon period (decidedly continental conditions with high CAPE and relatively high
cloud base height) as CCN trended from 3000 cm3 to ~500 cm3 between October and November 1999.
Williams et al. concluded that their results, “…[cast] doubt on a primary role for the aerosol in enhancing
the electriﬁcation,” and go on to cite appreciable correlations between CAPE and CCN for their time period
of interest over the Amazon, making it difﬁcult to assess the relative inﬂuence of environmental thermodynamic factors and aerosols on deep convection. Wall et al. [2014] found that deep convective clouds over
the Amazon River and Congo River basins were more intense under polluted conditions than under clean
conditions while convection was apparently stronger in cleaner environments than in polluted environments
in their North America domain; Wall et al. demonstrated signiﬁcant differences in the mean thermodynamic
proﬁles for clean and polluted environments in each region, most notably differences in midlevel tropospheric humidity, and therefore conclude that the environment plays a more important role than local
CCN concentrations in determining the intensity of deep convection. Furthermore, Lopez [2016] contributes
that the inﬂuence of CCN on cloud electriﬁcation on the global scale has yet to be convincingly demonstrated. Adding to the complexity of the problem, Khain et al. [2008] and Fan et al. [2009] argued that the
magnitude of environmental wind shear and humidity modulate the interaction between deep convective
clouds and aerosols.
Attempts to separate the simultaneous inﬂuence of aerosols on convective cloud characteristics from background thermodynamics using observations on the global scale and/or over select regions for continental
and maritime populations of deep convective clouds are less numerous [e.g., Koren et al., 2010, 2012;
Storer et al., 2014; Igel and van den Heever, 2015; Stolz et al., 2015]. Koren et al. [2012] matched rainfall observations from the TRMM satellite to aerosol optical depth measurements and reanalysis using a simple gridbased attribution scheme; strong increases in rain rate with increasing midlevel vertical velocity (a
synoptic-scale proxy for thermodynamic instability) were noted, but rainfall increased monotonically with
increasing aerosol optical depth with midlevel vertical velocity held constant, indicating simultaneous
dependence in their sample. In a regional study of deep convective clouds over the tropical Atlantic
Ocean, Koren et al. [2010] argued that small variations in the slopes of the relationships between cloud
properties (e.g., cloud top pressure and cloud fraction) and aerosol quantities in different thermodynamic
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environments indicated independent (i.e., unique) inﬂuences of aerosols and thermodynamics, respectively.
Storer et al. [2014] found similar results over the tropical Atlantic Ocean using an independent set of CloudSat
observations, reanalysis, and chemical transport model data. Igel and van den Heever [2015] studied the
response of cloud morphology (e.g., cloud top height and ice water path) in the CloudSat climatology to
simultaneous changes in several environmental factors; they argued that the relative inﬂuence of shear, aerosols, or vertical motions on convective cloud characteristics was signiﬁcantly larger than the inﬂuence of
CAPE. (The inﬂuence of CAPE was generally the smallest out of all factors tested, and the possible importance
of WCD was not investigated.)
In the broader view, global observations throughout the tropics and subtropics (between 38°S and 38°N) presented by Stolz et al. [2015] contributed evidence in support of a simultaneous hypothesis that attempts to
explain the variability in lightning and radar reﬂectivity characteristics, i.e., that aerosols regulate the amount
of convective potential energy realized by a deep convective cloud throughout its lifecycle and that this interaction is sensitive to WCD. The variations in lightning and radar reﬂectivity (as observed by the TRMM satellite) with respect to NCAPE, CCN, or WCD in isolation (separated according to an elementary stratiﬁcation
scheme in that study) amounted to a fraction of the total range of variability observed for global populations
of CFs and lightning-producing convective features (LPCFs; understood to be a subset of the global CF population herein), while convective intensity was maximized for high NCAPE, shallower WCD, and increased
CCN concentrations.
Results from global and regional studies implicate multiple environmental factors as important contributors
to the observed variability of deep-convective CFs on the large scale, but the relative importance of each
forcing mechanism, as it may contribute to lightning and radar reﬂectivity variability, has yet to be systematically quantiﬁed using available global observations. The purpose of this investigation is to address the
aforementioned gap in understanding using global satellite observations, reanalysis, and output from a
global chemical-transport model, to characterize the variability of lightning and radar reﬂectivity within the
TRMM satellite climatology. We test an extension of the simultaneous hypothesis described above, as we
incorporate estimates of environmental wind shear and relative humidity. In this analysis, we strive to isolate
the inﬂuence of individual environmental factors (i.e., NCAPE, CCN, WCD, SHEAR, and RH) on the variability of
deep-convective clouds and lightning in the global tropics and subtropics using statistical methods. We propose to do this by attributing measures of environmental characteristics to individual CFs in many instances,
using their geographic centroids to subset the population within certain regions of interest, while ensuring
that these simultaneous observations span as many combinations of the environmental factors as possible.
The chosen proxies for convective intensity for this study are total lightning density (TLD) and the average
height of 30 dBZ echoes (AVGHT30) following the work of Stolz et al. [2015].

2. Data and Methods
2.1. CF Database, Environmental Factors, and Attribution
According to Altaratz et al. [2014], large statistical samples are required in order to isolate the impacts of individual factors on deep convective clouds since signiﬁcant natural variations between individual clouds within
the larger ensemble contribute to inherent noise in the data. Thus, in the current study, we use observations
from the LIS and PR instruments on board the TRMM satellite [Kummerow et al., 1998] over multiple years
within the TRMM domain (TRMM PR and LIS observations span all longitudes between 36°N–36°S and
38°N–38°S, respectively). For a detailed description of the data sources, rationale for use, and potential
sources of error, the reader is referred to section 2 of Stolz et al. [2015] since the data set employed here is
adapted directly from that study. However, important details about the data and analysis methodology will
be repeated here for completeness.
Radar and lightning attributes of individual CFs observed using the TRMM PR and LIS during an 8 year period
(2004–2011) are taken from the TRMM CF database (available, http://trmm.chpc.utah.edu) [Nesbitt et al., 2000;
Liu et al., 2008]. In this investigation, CFs are deﬁned by spatially contiguous areas of convective rainfall (ranging in size from individual cells up to mesoscale convective complexes), as determined by the TRMM PR
convective/stratiform partition scheme from version 7 of the 2A23 PR algorithm. Various peak altitudes of
radar reﬂectivity echoes are deﬁned for individual CFs, while observations of cloud-to-ground and intracloud
lightning ﬂashes are matched to the nearest PR pixel [Liu et al., 2008]. LPCFs are thus deﬁned as CFs with
STOLZ ET AL.
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attributed lightning ﬂash rates above TRMM LIS’s minimum detection threshold of approximately 0.7 ﬂashes
per minute. Note that by our deﬁnition, CFs may contain deep convective cores with mature mixed-phase
development as well as adjacent nonelectriﬁed warm-rain clouds. Given the 8 year period of interest, an additional constraint instituted based on the apparent depth of vertical development (to be discussed below),
and our elimination of CFs/LPCFs in the vicinity of signiﬁcant gradients in NCAPE [see Stolz et al., 2015], the
population of CFs studied here will differ from the earlier CF collections of Liu et al. [2008].
We use a novel metric for characterizing the internal precipitation structure of individual CFs and then isolate
deep CFs from the full population of CFs (to be described below), since we expect shallow and deep CFs to
respond differently to changes in environmental thermodynamics and aerosols (e.g., van den Heever et al.
[2011], Tao et al. [2012], Wall et al. [2014], and many others). For the years 2004–2011, roughly 1.4 million
CFs and more than 250,000 LPCFs were identiﬁed and matched to relevant thermodynamic, kinematic,
and aerosol quantities from their immediate environments.
The aerosol data component in this research is derived using a global chemical-transport model, GEOS-Chem
(www.geos-chem.org) with the online TwO-Moment Aerosol Sectional microphysics module (TOMAS)
[Adams and Seinfeld, 2002; Pierce and Adams, 2009; D’Andrea et al., 2013; Pierce et al., 2013]. Pierce et al.
[2013, and references therein] and van der Werf et al. [2010] provide supporting details about the nucleation,
growth, and new-particle formation schemes, as well as the global GFED3 emissions inventories used for the
current GEOS-Chem simulations. GEOS-Chem-TOMAS simulates the particle size distribution across 15 size
bins (diameters ranging from 3 nm to 10 μm) for various chemical species (though, for simplicity, we have
chosen not to investigate potential for variability in the convective cloud population that may arise from
interactions with different aerosol species). We estimate the number concentration of aerosols with diameters larger than 40 nm (D ≥ 0.04 μm; this concentration is often referred to as N40) at a given location
in the TRMM domain and use this quantity as a proxy for the number of cloud condensation nuclei (CCN)
in the near-surface environment (units of cm3). Deep convective clouds with strong updrafts (larger than
5 m s1) are capable of producing high supersaturations (1% or more) immediately above cloud base [e.g.,
Khain et al., 2012, 2013]; in this scenario, the fraction of N40 that act as CCN, i.e., the CCN efﬁciency, reaches
roughly 0.80 [Dusek et al., 2006], and therefore, we argue that N40 is a representative proxy for CCN in
our study.
The GEOS-Chem simulations were run globally at a horizontal resolution of 2.5° longitude by 2° latitude
(roughly 270 km by 220 km at the equator) for 47 vertical levels between approximately 1000–0.01 hPa.
We use 6-hourly output (0, 6, 12, and 18 UTC) at 10 levels between 1000 and 850 hPa globally between
the latitudes 38°S and 38°N (corresponding to the latitudinal extent of coverage for the TRMM LIS instrument). Data from a chemical-transport model were used to avoid uncertainties associated with passive satellite retrievals of aerosol on the global scale [Várnai and Marshak, 2009; Várnai et al., 2013] as well as the
inevitable difﬁculty encountered when attempting to measure aerosol characteristics in the vicinity of deep
convective clouds [e.g., Koren et al., 2010]. The results of Seigel and van den Heever [2012] demonstrate that it
can be difﬁcult for organized convection to ingest aerosols from the environment (since aerosol-laden inﬂow
parcels undergoing mixing along the leading edge of the gust front/outﬂow can acquire negative buoyancy);
however, in this investigation we have assumed that the CCN within the inﬂow swath are transported to
cloud base in the updraft of CFs/LPCFs.
D’Andrea et al. [2013] compared particle size distributions from the GEOS-Chem transport model to observations from 21 ground sites across multiple continents; when D’Andrea et al. varied the GEOS-Chem transport
model’s initial conditions across a range of realistic emissions scenarios, they found that predicted N40 (i.e.,
estimates of CCN concentrations) in GEOS-Chem was within a factor of 1.17 as compared to observations.
Furthermore, GEOS-Chem produces N40 ~ 10 cm3 over pristine areas of the central equatorial Indian
Ocean and central/West Paciﬁc Ocean, while the highest particle concentrations are found over desert
regions, parts of the Middle East, as well as over urbanized areas of eastern Asia (where N40 frequently
exceeds 104 cm3). We acknowledge that random errors in the chemical-transport model (e.g., errors resulting from wet deposition in areas of widespread precipitation) could contribute to a decrease in the skill of the
regressions to be developed here, but we have no reason to believe that systematic error biases exist.
Simulated CCN concentrations from GEOS-Chem will be compared to both observations from 9 ground sites
(between Amazonia and the Arctic) as well as to output from 8 to 10 other global aerosol microphysics
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models as part of the ongoing BACCHUS intercomparison experiment (http://www.bacchus-env.eu/). A primary objective of the project is to quantify uncertainty estimates surrounding parameterizations of the
impact of aerosol origin, sinks, and chemistry on CCN formation.
The CF database incorporates thermodynamic information from the Interim Reanalysis (ERAi) developed by
the European Centre for Medium-Range Weather Forecasts (ECMWF) [Dee et al., 2011]. We obtain 16 levels of
meteorological variables at a horizontal spatial resolution of 2.5° at 0, 6, 12, and 18 UTC to characterize the
environment surrounding individual CFs/LPCFs. Reanalysis and output from GEOS-Chem are linearly interpolated to the time of the TRMM overpass where each CF was observed, since environmental factors can vary
appreciably on the diurnal time scale. For each CF, we compute a vector average of the horizontal wind components from ERAi between 1000 and 850 hPa. We then deﬁne a 90° sector centered on the direction of the
“inﬂow” and capture all GEOS-Chem grid points within 350 km of the CF to compute boundary layer average
(~1000–850 hPa) CCN concentrations in the vicinity of individual CFs. ERAi proﬁles of temperature and moisture at the nearest reanalysis grid point within the upstream swath [e.g., Fuchs et al., 2015, and references
therein] are used to calculate mixed-layer (lowest 50 hPa) pseudoadiabatic CAPE. Normalized CAPE
(NCAPE; units of J kg1 m1) is computed for each CF by dividing the mixed-layer pseudoadiabatic CAPE
by the depth of the positive area in each sounding [Blanchard, 1998].
Note that positive, near-surface moisture biases have been shown to exist within the reanalysis product chosen for this analysis [e.g., Vesperini, 2002] and this bias could contribute to uncertainty in our calculations.
Regardless of method, it is generally accepted that CAPE computed using reanalysis data and CAPE computed using quality-controlled upper air data from a nearby location can be signiﬁcantly different, but the
ERAi reanalysis is arguably the best reanalysis product available for global/regional investigations of the
behavior of convective clouds in various environments (E. J. Zipser, personal communication, 2017).
However, we attest that CAPE computed according to the aforementioned methodology distinguishes larger
magnitudes during the premonsoon period (average CAPE = 1291 J kg1) and easterly wind episodes (average CAPE = 1098 J kg1) than those during westerly, “green ocean” episodes (average CAPE = 1061 J kg1) of
subseasonal variability over the Amazon [e.g., Williams et al., 2002]; larger magnitudes during “break” periods
(average CAPE = 1300 J kg1) versus monsoon periods (average CAPE = 1099 J kg1) in Darwin, Australia [e.g.,
Rutledge et al., 1992; Williams et al., 1992]; and larger CAPE for continental regions (average, 95th percentile of
CAPE = 787, 1796 J kg1) than for oceanic regions (average, 95th percentile of CAPE = 570, 1303 J kg1) [e.g.,
Riemann-Campe et al., 2009]. We acknowledge that our computations represent estimates, at best, of the
thermodynamic potential energy in the environment of deep CFs/LPCFs.
Recall that WCD is deﬁned as the distance between cloud base and the local freezing height. The liftedcondensation level (LCL), i.e., approximate height of cloud base, is found by multiplying a parcel’s dew point
temperature depression by a constant, c = 0.12 km K1 [e.g., Iribarne and Godson, 1981]. The height of the 0°C
isotherm is computed via a linear interpolation between surrounding levels in the ERAi temperature sounding (comparison of the estimated freezing height with available observations from the global upper air network illustrates generally good agreement). The WCD is then the vertical difference between these two
computed heights (units of meters). Zheng and Rosenfeld [2015] found a strong, linear relationship between
and the updraft speed at cloud base and the height of cloud base above ground (deﬁned using both ERAi
temperature and satellite observations) and a 1.0–1.5 m s1 increase in updraft speed at cloud base for continental clouds compared to maritime clouds. In the context of the current analysis, WCD could theoretically
be associated with the updraft speeds and resulting supersaturation at cloud base and, by extension, the
number of droplets that develops and becomes activated in the lowest 50–100 m of the cloud.
While low-level shear (e.g., 0–1/0–3 km above ground level or the surface to 700 hPa) may be important for
developing midlevel mesocyclogensis and inﬂuencing storm propagation [e.g., Davies-Jones, 1984, 2002],
Bang and Zipser [2016] found little to no discernable difference in the magnitude of vertical wind shear (over
the lowest 200 hPa of the troposphere) in the environment for subsets of LPCFs and CFs, respectively, over
parts of the Congo region and West Paciﬁc Ocean. Others have argued that wind shear in the layer extending
from the surface to roughly 3–7 km above ground level serves as a key discriminator between various storm
modes/intensities [e.g., Weisman and Klemp, 1982; Thompson et al., 2007; Fan et al., 2009]; the results from
these previous studies suggest that vertical wind shear impacts deep convective clouds by inﬂuencing the
strength of downdrafts (e.g., via arguments relating to entrainment, mixing, and evaporative cooling) as
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well as updraft propagation relative to convective outﬂow; outﬂow that undercuts the updraft thus eliminates a continuous supply of moist, warm air required to sustain updraft intensiﬁcation and can therefore
lead to a thunderstorm’s demise. Accordingly, the magnitude of vertical wind shear (SHEAR) for the lower
to midtroposphere (1000–500 hPa) is determined by taking the magnitude of the zonal (u) and meridional
(v) wind vector differences (upper level minus lower level; units of m s1) at the nearest ERAi grid point within
the upstream inﬂow swath [e.g., Thompson et al., 2007]:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(1)
SHEAR ¼ ðu2  u1 Þ2 þ ðv 2  v 1 Þ2
Wall et al. [2014] demonstrated signiﬁcant differences in convective intensity with respect to variations in
average relative humidity in the 700–500 hPa layer in proximal thermodynamic soundings. Wall et al. noted
that relatively dry air in the middle troposphere could contribute to increased temperature lapse rates and a
hostile environment for weak convection to develop in—developing plumes that overcome convective inhibition will tend to be stronger thereafter. Grant and van den Heever [2015] documented larger precipitation
totals (and inferred stronger convection) for environments with dry layers (where relative humidity is reduced
by 25–50% compared to the control environment) present near cloud base. Grant and van den Heever
argued that an abundance small cloud droplets existing near cloud base can contribute to evaporative cooling via entrainment/mixing with the environment, allowing colder downdrafts to develop and stronger surface convergence to force subsequent convective development (i.e., “secondary” development that is driven
by convective outﬂow). In line with these two previous studies, we test the sensitivity of tropical convective
clouds to midlevel relative humidity (RH) by taking the average of RH (units of percent) in the ERAi sounding
for each CF between 850 and 500 hPa.
For each CF, the mean vertical proﬁle of radar reﬂectivity (VPRR) was computed using version 7 of the orbitallevel 2A25 attenuation-corrected reﬂectivity proﬁle [Iguchi et al., 2000]. We deﬁne the average height of
30 dBZ echoes (AVGHT30) to be the peak altitude in the mean VPRR for each CF where the reﬂectivity was
between 30.0 and 39.9 dBZ (inclusive). The AVGHT30 metric was computed in a way that emphasizes mean
behavior of the 30 dBZ echo top height within individual CFs as opposed to documenting more extreme
behaviors typically associated with maximum echo top height statistics (e.g., MAXHT30 in the original CF
database). As alluded to above, spatially contiguous groups of convective pixels in the TRMM CF database
may contain shallow and deep convective PR pixels together; in this study we isolate deep convective
CFs/LPCFs by truncating our data to CFs with AVGHT30 > 5 km, but it is possible that shallow-convective pixels embedded within the larger CF weight AVGHT30 statistics toward lower values. However, we argue that
our deﬁnition effectively isolates deep convective CFs/LPCFs while allowing for the compilation of a large
statistical sample.
The discussion of uncertainty attendant to sampling limitations of the TRMM data sets above highlights the
need to institute an averaging scheme in order to investigate the central behavior of the data [Altaratz et al.,
2014]. The current approach uses a ﬁve-dimensional binning scheme of NCAPE, CCN, WCD, SHEAR, and RH in
order to incorporate potential inﬂuences of all predictors simultaneously. For the results that follow, the data
are binned in the ﬁve-dimensional parameter space in increments of 0.05 J kg1 m1 for NCAPE, 0.5 for CCN
(logarithmic units, log10(CCN) cm3), 500 m for WCD, 5 m s1 for SHEAR, and 5% for RH. The means of the
predictors within each subset of the parameter space are assumed to accurately represent true population
values of input variables attributed to individual CFs. Next, the mean of the predictand within each subset
of the parameter space completes each simultaneous observation (e.g., Yn, X1,n,…, Xp,n, for p predictors for
each of the n observations). Note that we enforce a minimum threshold of 20 LPCFs/30 CFs within each
ﬁve-dimensional bin in the parameter space (a subjective threshold to allow a sufﬁcient subsample size for
averaging) before including it in further statistical calculations.
For each CF/LPCF, the latitude, longitude, a land/ocean tag, and relevant time indices are appended such that
isolating CFs/LPCFs in certain geographic areas and in different months is trivial. We investigate the behavior
of deep convection across the global TRMM domain (i.e., the tropics; 38°S–38°N, 180°W–180°E), between
continents and oceans, in the Northern (0–38°N, 180°W–180°E) and Southern Hemispheres (38°S–0,
180°W–180°E), and between the Congo River (10°S–5°N, 10–30°E) and Amazon River (15°S–0, 50–70°W)
basins (Figure 1) using the geographic centroid to locate deep CFs within these regions. We specify “annual”
results using data from all 12 months in each calendar year, while the “warm season” in the Northern
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Figure 1. A geographic map of the TRMM domain (spanning 38°S–38°N, 180°W–180°E). Observations from the years 2004–
2011 are taken from within the TRMM domain as well as within various geographic subsets (solid outlines and coloring; see
text for the warm season deﬁnition for the Northern and Southern Hemisphere domains identiﬁed above).

(southern) Hemisphere is distinguished by the months April through September (October through March). By
sequestering CFs within warm season months in either hemisphere, we attempt to mitigate the inﬂuence of
observations of baroclinic systems in subtropical portions of the TRMM domain during the winter season in
each hemisphere.
2.2. Overview of the Statistical Analysis Method
Following earlier studies [e.g., Igel and van den Heever, 2015], we use multiple-linear regression techniques to
separate out the individual contributions of thermodynamics, kinematics, and aerosols to the observed variability in lightning and radar reﬂectivity throughout the tropics and subtropics. The explicit goals of conducting this type of statistical regression analysis are as follows: (1) to investigate whether the set of input
variables (i.e., NCAPE, CCN, WCD, SHEAR, and RH) offer predictive capability for the response variable of interest (i.e., either TLD or AVGHT30); (2) whether combinations of the input variables “explain” more of the variability in the response compared to each of the input variables in isolation; and (3) to determine the relative
inﬂuence of each input on the response while controlling for other inputs. According to the third goal above,
standard anomalies (i.e., the quantity deﬁned by the difference between a value and its sample mean,
divided by its sample standard deviation) are computed for each input in the regression. Computing standard anomalies prior to statistical regression permits direct comparisons of the relative importance of each
of the inputs (as all variables have been normalized by their respective standard deviations) as they impact
deep convective clouds while holding all other factors constant. As it will be shown in a subsequent section,
partial derivatives of convective intensity proxies with respect to individual predictor variables can be
inferred from real-valued multiple-linear regression output. The previous results of Stolz et al. [2015] suggest
that stronger convection occurs in environments with higher NCAPE, larger CCN concentrations, and shallower WCD, i.e., possible linear relationships between convective-intensity proxies and NCAPE, CCN, and
WCD. Furthermore, other investigators have studied the behavior of convective-intensity proxies with
respect to environmental factors that were not considered by Stolz et al. [2015]; as discussed above, representations of RH and SHEAR are included in the current analysis to investigate the possible inﬂuence of these
variables in addition to NCAPE, CCN, and WCD.
Rosenfeld et al. [2008] suggest a “saturation/optimum” effect for aerosols, such that initial increases in CCN
concentrations can invigorate convection, yet increasing the aerosol load beyond some optimum value leads
to a reduction in short-wave radiation reaching the surface and subsequent depletion of surface-based
instability [e.g., Grant and van den Heever, 2014; Fan et al., 2015]. Furthermore, increasing the concentration
of CCN in parcels near cloud base leads to progressively smaller droplets, as activated CCN compete for the
available water vapor via condensation; in this view, droplets may become so small that the collision/riming
efﬁciency for small droplets and riming particles diminishes appreciably, resulting in decreased lightning and
mixed-phase radar reﬂectivity [Mansell and Ziegler, 2013; Storer and van den Heever, 2013; Saleeby et al., 2016].
Furthermore, Mansell and Ziegler [2013] documented increasing lightning ﬂash rates with increasing CCN
between 1000 and 2000 cm3 as efﬁcient Hallett-Mossop ice-multiplication processes led to increases in
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Table 1. Multiple-Regression Models for Forward Selection
Model
1
2
3
4
5
6
7
8
9
10

Description

General Form

Single X1
Single X2
Single X3
Single X4
Single X5
2-parameter
3-parameter
4-parameter
5-parameter
5-parameter (quadratic)

Y ~ β·NCAPE
Y ~ β·CCN
Y ~ β·WCD
Y ~ β·RH
Y ~ β·SHEAR
Y ~ β1·NCAPE + β2·CCN
Y ~ β1·NCAPE + β2·CCN + β3·WCD
Y ~ β1·NCAPE + β2·CCN + β3·WCD + β4·RH
Y ~ β1·NCAPE + β2·CCN + β3·WCD + β4·RH + β5·SHEAR
2
2
Y ~ β1·NCAPE + β2·(CCN ) + β3·(WCD ) + β4·RH + β5·SHEAR

a

Models for the response variable, Y, versus various combinations of input variables NCAPE (X1), CCN (X2), WCD (X3),
SHEAR (X4), and RH (X5) in the forward selection routine [e.g., Wilks, 2011]. Note that the logarithmic forms of models 1–
10 are identical, following the mathematical development in the appendix (see equations (A2a)–(A2d)), but only the linear model forms are shown in the table for both clarity and brevity.

the number of particle collisions and overall charge separation in their simulations. However, Mansell and
Ziegler also noted decreasing cloud droplet diameters and less-active rime-splintering behavior coincident
with decreasing lightning rates for CCN concentrations greater than 2000 cm3.
Thus, the results from Rosenfeld et al. [2008] and Mansell and Ziegler [2013] suggest a functional form that
includes a global maximum to characterize the dependence of convective intensity on CCN; for simplicity,
we assume a possible quadratic (e.g., input variables raised to the second power) functional form for CCN
in our experimental trials (e.g., Table 1). Likewise, it is possible that there could be a simultaneous quadratic
dependence on WCD as WCD inﬂuences the warm-phase residence time of ascending parcels. For progressively shallower WCD, the time for CCN or condensational growth processes to impact warm-rain microphysics decreases. So decreasing WCD plays the same kind of forcing role as increasing CCN. When considering
simultaneous inﬂuences of other predictors, there may be a limit beyond which reducing the WCD leads to
no further changes in the response—a quadratic form of WCD will also be investigated.
As documented in previous studies [e.g., Stolz et al., 2014, 2015], environmental variables such as lightning
ﬂash rate/ﬂash rate density or CCN concentrations may be lognormally distributed, and thus, variable transformations are necessary in practice [e.g., Wilks, 2011]. An amenable form of the multiple-linear regression
model to handle logarithmic terms is then based on the assumption of direct (or inverse) proportionality
between the predictand and an input variable or multiplicative relationships when two or more variables
are included in the predictor set (see equations (A2a)–(A2d) in the appendix). The resulting model that incorporates logarithmic terms will be referred to as the “logarithmic form” so that it may be differentiated from
linear representations of the predictand and the predictor set alike in the discussion of results that follows in
section 3.
For CFs/LPCFs contained within each region, we ﬁrst compute regression statistics for the predictand (TLD or
AVGHT30) versus each attributed predictor in isolation (NCAPE, CCN, WCD, SHEAR, and RH). Next, we run
iterations of the regression routine where predictor variables are layered in successive steps to study the
changes in performance of each regression model with respect to the addition of new factors, much like
the forward selection technique described by Wilks [2011] (to be described more thoroughly in section 3).
In this study, successive steps in a forward selection routine involve the addition of linear terms, logarithmic
terms, and/or quadratic terms for CCN and WCD; the relative order of inputs is based on the dominant
hypotheses in the literature—the thermodynamic hypothesis, the aerosol hypothesis, and the more recent
simultaneous hypothesis.
It is imperative that the investigator veriﬁes certain assumptions to lay the foundation for further statistical
regression analysis (see the appendix for a more thorough description); to substantiate our eventual statistical inferences herein, we examine adjusted multiple-correlation statistics (R2; adjusted according to the number of inputs), indices for regression signiﬁcance (F statistics), correlations between input variables
(multicollinearity), and regression/coefﬁcient error variance in detail following Draper and Smith [1998],
Montgomery et al. [2012], and Wilks [2011]. We compute regression statistics for each experimental trial in
speciﬁc regions using all months of the year (warm season months for hemispheric subsets as deﬁned
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above). The focus now shifts to a discussion of results from the multiple-linear regression analysis, plausible
physical rationale, and an assessment of the statistical validity of these ﬁndings.

3. Results
3.1. General Regression Behavior
We begin by analyzing the output for the standardized least squares multiple-linear regressions of TLD and
AVGHT30 against the set of predictors for linear and logarithmic model forms (see Table 1). A total of 20
experimental models (testing 10 model approximations for both linear and logarithmic model forms), ranging in complexity from single-term regressions up to including all ﬁve predictors at once, were tested to
investigate the potential for achieving improved model skill by including combinations of input variables
in the regression. For models that incorporate multiple predictors (i.e., models 6–10 in Table 1), the order
of including predictors follows according to (1) NCAPE, (2) CCN, (3) WCD, (4) SHEAR, and (5) RH. For example,
model 6 is a two-predictor model form incorporating NCAPE and CCN, model 7 is a three-predictor model
form incorporating NCAPE, CCN, and WCD, and so forth. Model 9 incorporates all ﬁve predictors, while model
10 utilizes quadratic transformations of the second and third predictors, CCN and WCD, respectively. To
reiterate, the experimental strategy emulates the forward selection regression technique described by
Wilks [2011].
The output from the least squares multiple-regression trials for both TLD (Table 2) and AVGHT30 (Table 3)
illustrates some key ﬁndings that can be generalized for regressions from the various geographic regions.
Multiple-correlation coefﬁcients (i.e., R2) for regressions involving single predictors are modest, e.g.,
R2 < 0.30 for models 1–5 (refer to Table 1 for model forms), for both linear and logarithmic model forms.
An exception is noted for logarithmic forms of CCN alone, as it may predict changes in both TLD and
AVGHT30 with comparatively better skill. We ﬁnd R2 > 0.35 for many of the regions considered, but this
metric increases to upward of 0.60 in the global regression trials for TLD and AVGHT30 using the logarithmic
model form of the predictand and CCN input. Conversely, we ﬁnd minimal skill for models incorporating only
SHEAR in predicting variability of TLD and AVGHT30 (R2 < 0.10 in many cases). The importance of CCN and
the relative unimportance of SHEAR in accounting for regional differences in deep convective cloud properties are suggested by these ﬁndings; more detailed discussion of relative importance of each factor is
deferred to a later section.
Next, we note that both linear and logarithmic approximations that incorporate all ﬁve predictors (i.e., models
9 and 10) consistently outperform the approximations that incorporate fewer terms in the regression. For the
global and regional subsets that we consider, the regression skill is maximized for model form #9
(R2 ≈ 0.56–0.72 for linear models versus R2 ≈ 0.69–0.81 for logarithmic models) and in general the logarithmic
model form has more skill in predicting changes in the convective-intensity proxies compared to the linear
model form. Finally, relationships between convective-intensity proxies (especially TLD) and single predictors
illustrate possible quadratic dependence (not shown); however, improvements in the multiple-regression
models that include all ﬁve predictors and quadratic forms of CCN and WCD therein are marginal, at best,
when compared to the pure linear and logarithmic model forms that include all ﬁve predictors without quadratic transformations of CCN and WCD.
Following Igel and van den Heever [2015], we next investigate possible correlation between predictors
(multicollinearity) in the data set (Tables 2 and 3) to justify our use of multiple-linear regression techniques. Conceptually, if there is signiﬁcant multicollinearity in the predictor set, two or more predictors
are highly correlated with each other. If there is then signiﬁcant correlation between the set of predictors
and the response variable, it becomes difﬁcult (or impossible) to assess the relative inﬂuence of each
individual predictor on the response variable in isolation from other input variables based on the
multiple-linear regression output.
In the fourth columns of Tables 2 and 3, we ﬁnd that the portion of variance for the ith input variable
explained by linear combinations of the remaining predictors in the set, i.e., Ri2, is no larger than 0.30 for
all global geographic regions and hemispheres (warm season subsets), regardless of whether linear or logarithmic model forms are considered. The tolerance values (1-Ri2) corresponding to the above multicollinearity
statistics are favorable for minimizing errors in coefﬁcient estimates and thereby lend to our conﬁdence that
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Table 2. Regression Signiﬁcance Statistics for TLD
Region
GLOBE N = 1574

R

Ri

Signiﬁcance, βp

1

0.09
(0.05)
0.27
(0.64)
0.10
(0.14)
0.04
(0.01)
0.17
(0.19)
0.35
(0.68)
0.50
(0.78)
0.53
(0.78)
0.58
(0.81)
0.46
(0.79)
0.09
(0.06)
0.13
(0.40)
0.16
(0.22)
0.09
(0.04)
0.22
(0.27)
0.22
(0.46)
0.43
(0.63)
0.49
(0.64)
0.60
(0.71)
0.53
(0.70)
0.20
(0.25)
0.23
(0.37)
0.08
(0.10)
0.02
(0.00)
0.11
(0.16)
0.36
(0.51)
0.55
(0.73)
0.58
(0.73)
0.60
(0.76)
0.51
(0.76)
0.09

NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.00, 0.00
(0.00, 0.00)
0.11, 0.01, 0.11
(0.12, 0.04, 0.15)
0.11, 0.02, 0.18, 0.10
(0.12, 0.05, 0.20, 0.08)
0.13, 0.03, 0.29, 0.11, 0.16
(0.13, 0.07, 0.28, 0.09, 0.15)
0.12, 0.01, 0.29, 0.11, 0.16
(0.13, 0.06, 0.28, 0.09, 0.15)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.00, 0.00
(0.00, 0.00)
0.08, 0.02, 0.10
(0.09, 0.07, 0.15)
0.08, 0.02, 0.14, 0.05
(0.09, 0.07, 0.18, 0.04)
0.10, 0.03, 0.29, 0.06, 0.20
(0.10, 0.09, 0.29, 0.05, 0.18)
0.09, 0.01, 0.29, 0.06, 0.20
(0.10, 0.08, 0.29, 0.05, 0.18)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.03, 0.03
(0.05, 0.05)
0.06, 0.04, 0.05
(0.09, 0.05, 0.05)
0.09, 0.05, 0.15, 0.16
(0.10, 0.06, 0.13, 0.13)
0.13, 0.05, 0.26, 0.18, 0.16
(0.14, 0.06, 0.23, 0.15, 0.15)
0.12, 0.03, 0.26, 0.18, 0.17
(0.14, 0.06, 0.24, 0.15, 0.15)
NA

1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.69)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.92, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.95, 1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.99)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.99, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.99, 1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(0.21)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.14)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.36, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.46, 1.00)
1.00

3
4
5
6
7
8
9
10
1
2
3
4
5
6
7
8
9
10
OCEAN N = 759

1
2
3
4
5
6
7
8
9
10

NHEMI N = 910
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Table 2. (continued)

Region

Model
2
3
4
5
6
7
8
9
10

SHEMI N = 650

1
2
3
4
5
6
7
8
9
10

2

2

R

Ri

Signiﬁcance, βp

(0.04)
0.21
(0.56)
0.15
(0.18)
0.04
(0.00)
0.18
(0.22)
0.30
(0.60)
0.47
(0.73)
0.51
(0.73)
0.56
(0.77)
0.45
(0.75)
0.09
(0.05)
0.29
(0.60)
0.12
(0.10)
0.03
(0.00)
0.25
(0.27)
0.37
(0.65)
0.51
(0.71)
0.52
(0.71)
0.62
(0.79)
0.52
(0.78)

(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.00, 0.00
(0.00, 0.00)
0.04, 0.01, 0.05
(0.05, 0.03, 0.08)
0.04, 0.01, 0.06, 0.02
(0.05, 0.03, 0.09, 0.01)
0.09, 0.02, 0.26, 0.04, 0.24
(0.09, 0.05, 0.26, 0.03, 0.23)
0.08, 0.00, 0.26, 0.04, 0.24
(0.09, 0.04, 0.25, 0.03, 0.23)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.00, 0.00
(0.00, 0.00)
0.04, 0.00, 0.04
(0.03, 0.03, 0.06)
0.04, 0.01, 0.12, 0.09
(0.03, 0.03, 0.12, 0.07)
0.08, 0.01, 0.28, 0.10, 0.20
(0.07, 0.04, 0.25, 0.07, 0.18)
0.08, 0.01, 0.29, 0.10, 0.20
(0.07, 0.04, 0.25, 0.08, 0.18)

(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.89)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.99, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.99, 1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(0.93)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 0.99
(1.00, 1.00, 1.00, 0.19)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 0.99, 0.30, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.39, 1.00)

a

Experimental multiple-linear regression model statistics for total lightning density (TLD) in each region in the 8 year
sample from 2004 to 2011. For each region shown in the left most column, results for 10 separate linear and logarithmic
model forms (refer to Table 1 for model number deﬁnitions) are detailed. Output from the linear form is provided on the
ﬁrst line, while output from the logarithmic form is provided on the second line (shown in parentheses) for each model
2
number, in each region. The third column shows multiple correlation (R ), illustrating the strength of the relationship
between each combination of predictors and the response variable, Y. The fourth column shows multicollinearity
2
(Ri ), i.e., the multiple-correlation coefﬁcient between the ith predictor and the remaining predictors in the set of input
variables. The ﬁfth column shows the signiﬁcance of each coefﬁcient estimate (βp) in terms of a two-tailed probability
that the absolute value of a random t variate is less than or equal to the parameter estimate in question. For models that
incorporate multiple predictors (i.e., models 6–10; see Table 1), statistics for each predictor are listed in order on each line
according to (1) NCAPE, (2) CCN, (3) WCD, (4) SHEAR, and (5) RH. Note that grid boxes within the ﬁve-dimensional parameter space containing less than 20 lightning-producing convective features (LPCFs) have been omitted from this analysis. NA, not applicable.

the relative impact of each predictor on the response variable in the current regression computations is valid,
holding other inputs ﬁxed [e.g., Draper and Smith, 1998; O’brien, 2007]. The lack of correlation among
predictors in the current analysis is consistent with the ﬁndings of Igel and van den Heever [2015] in their
study of relationships among environmental characteristics and roughly 22,000 convective cloud objects
observed by CloudSat in the tropics; when characterizing relationships between the current sample
estimates of CCN and NCAPE attributed to individual CFs and LPCFs within the geographic areas detailed in
Figure 1, we found R2 ~ 0.03 (or less).
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Table 3. Regression Signiﬁcance Statistics for AVGHT30
Region
GLOBE N = 2387

R

Ri

Signiﬁcance, βp

1

0.18
(0.13)
0.33
(0.61)
0.13
(0.14)
0.00
(0.00)
0.07
(0.05)
0.47
(0.67)
0.67
(0.78)
0.68
(0.78)
0.69
(0.78)
0.53
(0.79)
0.14
(0.11)
0.15
(0.39)
0.21
(0.22)
0.07
(0.06)
0.21
(0.19)
0.29
(0.50)
0.59
(0.68)
0.63
(0.70)
0.69
(0.74)
0.65
(0.73)
0.34
(0.30)
0.22
(0.36)
0.08
(0.07)
0.00
(0.00)
0.04
(0.02)
0.48
(0.54)
0.66
(0.68)
0.69
(0.68)
0.69
(0.69)
0.61
(0.70)
0.16

NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.01, 0.01
(0.02, 0.02)
0.08, 0.02, 0.07
(0.11, 0.07, 0.12)
0.10, 0.02, 0.09, 0.06
(0.12, 0.08, 0.14, 0.05)
0.11, 0.03, 0.18, 0.10, 0.12
(0.12, 0.09, 0.19, 0.08, 0.09)
0.10, 0.01, 0.18, 0.10, 0.12
(0.12, 0.07, 0.18, 0.08, 0.09)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.00, 0.00
(0.00, 0.00)
0.07, 0.01, 0.08
(0.08, 0.08, 0.14)
0.07, 0.01, 0.10, 0.03
(0.08, 0.08, 0.16, 0.02)
0.08, 0.02, 0.24, 0.04, 0.17
(0.09, 0.10, 0.25, 0.03, 0.16)
0.08, 0.00, 0.24, 0.04, 0.17
(0.09, 0.09, 0.24, 0.03, 0.16)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.02, 0.02
(0.05, 0.05)
0.05, 0.03, 0.04
(0.08, 0.05, 0.03)
0.08, 0.05, 0.07, 0.10
(0.10, 0.05, 0.07, 0.09)
0.09, 0.04, 0.14, 0.15, 0.11
(0.10, 0.06, 0.11, 0.13, 0.09)
0.08, 0.03, 0.14, 0.15, 0.11
(0.10, 0.06, 0.12, 0.13, 0.09)
NA

1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
0.67
(0.76)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 0.95)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 0.99)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 1.00)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
0.91
(0.62)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 0.31)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 0.64)
1.00

3
4
5
6
7
8
9
10
1
2
3
4
5
6
7
8
9
10
OCEAN N = 1640

1
2
3
4
5
6
7
8
9
10

NHEMI N = 1476
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Table 3. (continued)

Region

Model
2
3
4
5
6
7
8
9
10

SHEMI N = 1165

1
2
3
4
5
6
7
8
9
10

2

2

R

Ri

Signiﬁcance, βp

(0.12)
0.29
(0.59)
0.18
(0.19)
0.00
(0.00)
0.09
(0.07)
0.42
(0.65)
0.64
(0.76)
0.66
(0.77)
0.67
(0.77)
0.52
(0.78)
0.17
(0.13)
0.49
(0.66)
0.10
(0.11)
0.00
(0.00)
0.09
(0.07)
0.61
(0.73)
0.70
(0.77)
0.70
(0.77)
0.72
(0.77)
0.58
(0.79)

(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.00, 0.00
(0.02, 0.02)
0.02, 0.01, 0.02
(0.06, 0.07, 0.08)
0.03, 0.01, 0.02, 0.01
(0.06, 0.07, 0.08, 0.01)
0.05, 0.01, 0.17, 0.06, 0.19
(0.07, 0.08, 0.18, 0.06, 0.18)
0.04, 0.01, 0.17, 0.06, 0.20
(0.07, 0.06, 0.17, 0.06, 0.18)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
NA
(NA)
0.01, 0.01
(0.02, 0.02)
0.04, 0.03, 0.04
(0.05, 0.08, 0.09)
0.06, 0.05, 0.06, 0.07
(0.06, 0.10, 0.11, 0.05)
0.07, 0.05, 0.17, 0.11, 0.16
(0.07, 0.10, 0.18, 0.09, 0.13)
0.07, 0.03, 0.17, 0.11, 0.17
(0.07, 0.08, 0.18, 0.09, 0.13)

(1.00)
1.00
(1.00)
1.00
(1.00)
0.99
(0.99)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.89)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 0.86)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 1.00, 0.94)
1.00
(1.00)
1.00
(1.00)
1.00
(1.00)
0.89
(0.92)
1.00
(1.00)
1.00, 1.00
(1.00, 1.00)
1.00, 1.00, 1.00
(1.00, 1.00, 1.00)
1.00, 1.00, 1.00, 0.98
(1.00, 1.00, 1.00, 0.78)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.90, 0.97)
1.00, 1.00, 1.00, 1.00, 1.00
(1.00, 1.00, 1.00, 0.95, 0.99)

a

As in Table 2 but for the average height of 30 dBZ radar echoes (AVGHT30). Note that grid boxes within the ﬁvedimensional parameter space containing less than 30 convective features (CFs) have been omitted from this analysis.
NA, not applicable.

The lack of correlation in the predictor set alone is also corroborated by the signiﬁcance of standard error t
statistics presented in the ﬁfth column of Tables 2 and 3, which show values generally in excess of 0.95, indicating that there is roughly a 5% (two tailed) or less probability of realizing a random t variate with an absolute value greater than or equal to the speciﬁed value, given the number of degrees of freedom in each
regression trial. We interpret these results as statistically signiﬁcant evidence for stable regression coefﬁcient
estimates, and we therefore argue that the removal or addition of a few or several data points in the sample
of observations would not lead to large ﬂuctuations in the coefﬁcient estimates themselves.
In order to assess the performance of the linear and logarithmic models across the range of TLD and
AVGHT30 values, we study the difference between the predicted values and observations as well as their
distribution next (Figures 2 and 3). In this part of the investigation, we are interested in whether the linear
and logarithmic model forms are consistent with the assumptions of multiple-linear regression, i.e., constant
error variance (homoscedastic behavior) and errors distributed normally about zero (Gaussian residuals).
From Figures 2 and 3, it is apparent that errors associated with linear model forms generally increase within
increasing values of the predictand (i.e., TLD or AVGHT30). According to Wilks [2011], such behavior is
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Figure 2. The distribution of regression residuals for total lightning density (TLD) (i.e., the difference between the predicted
value of the dependent variable, Y, and the observed value of Y) versus the predicted value of Y for the (ﬁrst row) global
data set, (second row) over continents, (third row) over oceans, (fourth row) over the Northern Hemisphere (boreal warm
season), and (ﬁfth row) over the Southern Hemisphere (austral warm season) for the years 2004–2011. The number of
samples, form of Y, and general form of the regression model parameters are provided in the title; (left column) linear
models are compared to (right column) logarithmic models. Units on each axis are representative of standardized
2
anomalies (dimensionless units). The multiple correlation (R ) and mean square error (MSE) for each regression are provided in the upper left corner of each plot.

unfavorable from a statistical perspective because predicted values of the response, either TLD or AVGHT30,
will have a higher uncertainty for larger values and vice versa.
In contrast, the error (or residual) variance for logarithmic model representations tends to be more uniform
across the range of the predictand, as the errors are approximately normally distributed about zero. The logarithmic model tends to be “the better model” as evidenced by higher values of multiple-correlation and
smaller mean square errors (MSE) overall. These statements generally hold true for the logarithmic model
approximations of AVGHT30, but for low values of AVGHT30, the predicted Y values tend to underestimate
the observed values as shown by consistently negative regression residuals (Figure 3).
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Figure 3. As in Figure 2 but for the AVGHT30 (dimensionless units).

Note that the F statistic for each model is evaluated, and we ﬁnd that each model tested herein is statistically
signiﬁcant (p < 0.01), favoring rejection of the null hypothesis, such that at least one of the regression coefﬁcient estimates is nonzero, i.e., one of the βp ≠ 0 (a large F ratio indicates that the ratio of variance of the
regression to the variance of the residuals is large, possibly a consequence of the large sample sizes involved).
For these reasons, the remaining analyses will focus on the results from logarithmic model form #9 (e.g.,
Table 1; incorporating all predictors in the regression).
3.2. The Relative Importance of Environmental Factors for Convective-Cloud Variability
From the foregoing statistical analyses surrounding global collection of CFs/LPCFs and regional subsets we
argue (1) that logarithmic model approximations adequately describe variations in lightning and radar reﬂectivity, as evidenced by R2 > 0.80 in select cases; (2) that the null hypothesis, i.e., that all regression coefﬁcients
are zero, can be rejected for multiple-linear approximations of TLD and AVGHT30 (assuming the logarithmic
model form), since the F ratio signiﬁcance statistics were vanishingly small; and (3) that the regression
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coefﬁcients are unlikely to be random since their associated standard errors were smaller than the coefﬁcients themselves by a factor of 10 or more on average. Note that the present multicollinearity statistics
are generally less than 0.30, and according to the last point above, the stability of regression coefﬁcient estimates afﬁrms that any correlation that exists between inputs does not compromise the integrity of the
present multiple-linear regression models.
We conducted a suite of experiments to analyze the sensitivity of these results (e.g., regression strength and
coefﬁcient estimates for the various model forms) to changes in the multidimensional binning increment.
Unsurprisingly, the number of samples realized after the binning routine decreased signiﬁcantly for coarser
bin increments, but we note that regressions tended to improve as the number of bins decreased (i.e., for
coarse bin increments). Apparently, for a smaller number of bins either more noise in the data or variability
due to factors that have not been explicitly accounted for is smoothed out. Furthermore, as the sample size
decreased, insufﬁcient diversity in the simultaneous observation set became apparent as evidenced by
increases in correlation in the set of predictors. On the contrary, as we adjusted the bin increment to progressively smaller values, the number of samples increased, the number of CFs/LPCFs in a given bin decreased,
multicollinearity in the predictor set diminished (a favorable outcome for multiple-linear regression methodologies), but we found the regressions’ multiple-correlation decreased. These latter ﬁndings are perhaps
due to a greater likelihood of outliers inﬂuencing the averaged value in a given bin when smaller bin increments are used (e.g., 0.02 J kg1 m1 for NCAPE, 0.2 logarithmic units for CCN, 200 m for WCD, 2 m s1 for
SHEAR, and 2% for RH).
We next turn our attention toward characterizing the relative importance of each predictor as it inﬂuences
the variability of lightning and vertical precipitation structure. A visual compilation of the parameter estimates for logarithmic model #9 employing all ﬁve predictors in the set for global, continental, oceanic, and
hemispheric data subsets is presented for both TLD and AVGHT30 (Figure 4). The relative weight attributed
to each predictor accounts for changes in the response, holding all other inputs ﬁxed, and the results are
directly comparable since all variables have been standardized prior to computing the regression output. In
Figure 4, the logarithmic model approximation for each global subset explains between 69 and 81% of the
variance of TLD. Furthermore, TLD is shown to increase with increasing NCAPE, increasing CCN, decreasing
WCD, increasing SHEAR, and decreasing RH (Table 4). The relative weight attributed to CCN is greater than
the relative weight attributed to any of the other four predictors in the statistical model. Using the results
for LPCFs contained within the global data set and Northern/Southern Hemisphere geographic subsets as
examples, the relative dependence on CCN is a factor of 2 or more larger than the relative weight attributed
to NCAPE, WCD, SHEAR, or RH separately. Over continents and oceans, CCN is still the leading component
explaining the variability in the response according to the logarithmic model but the relative weight is comparable to other inputs, like NCAPE and WCD, while SHEAR and RH appear to be of secondary importance.
When isolating LPCFs in either the boreal or austral warm seasons in the respective Northern and
Southern Hemispheres, the same pattern holds, and CCN is again the largest single contributor to the variability of TLD.
In general, the logarithmic regressions show higher AVGHT30 for higher NCAPE, greater CCN, shallower WCD,
larger SHEAR, and lower RH for individual regions as well as for CFs within the global TRMM domain annually
and over hemispheric regions in warm season months (Figure 4b and Table 5). The logarithmic model for
AVGHT30 analyzed based on the ﬁve predictors in selected regions offers a range of predictive skill as it captures about 56–71% of the variance in the response. Like the results for TLD, the regional dependence of
AVGHT30 on all ﬁve predictors again appears to be variable—the difference in weight attributed to the weakest predictors and strongest predictors, respectively, varies from a factor of 3 over continents to more than a
factor of 10 for CFs within the Amazon region. Furthermore, comparing the results for TLD and AVGHT30 in
the same region (i.e., between Figures 4a and 4b) shows that TLD appears to be more sensitive to NCAPE, CCN,
and WCD, whereas for AVGHT30, the relative weight attributed to CCN is only approximately a factor of 1.33
larger than the next strongest predictor, on average. The relative importance of NCAPE and RH as they inﬂuence AVGHT30 increases compared to the results for TLD (Figure 4), and on average, the relative weight
attributed to SHEAR is smaller than the relative weight of the leading predictor by a factor of 10 or more.
Up until this point, we have emphasized that the results from the regression trials incorporating all ﬁve
predictors are consistent within geographic areas that are global in scale and widely disparate in nature
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Figure 4. Estimates of the relative weight attributed to each input parameter resulting from the multiple-linear regression
using logarithmic model form #9 (see Tables 3 and 4) for (a) total lightning density (TLD) and (b) the average height of
30 dBZ radar echoes (AVGHT30) for different regions of interest (shown below each panel) for the years 2004–2011. The
2
number of samples (N), multiple-correlation (R ), and signiﬁcance of the ith predictor (pi; see text for deﬁnition of statistical
signiﬁcance) are provided for reference along the abscissa.

(e.g., topography and coverage of land versus ocean). However, one may question whether the relative
contributions of each input to explaining the variations in lightning and radar reﬂectivity changes for
geographically separated regions with roughly similar atmospheric and land-surface environments. For this
reason, we chose to isolate individual regions over the Amazon River (AMZ) and Congo River (CNG) basins
and study the results of the multiple-linear regression including CFs/LPCFs from all months in the multiyear
data set. These two regions stand out in TRMM PR and global lightning climatology [e.g., Christian et al., 2003;
Williams and Sátori, 2004; Cecil et al., 2005, 2014; Zipser et al., 2006; Liu et al., 2012] as areas with characteristically deep convective precipitation cores and high lightning ﬂash rates.
As shown in Figure 5 and Tables 4 and 5, when we restrict the CF/LPCF population to these smaller
geographic areas encompassing roughly 106 km2, the same response of TLD and AVGHT30 is noted with
respect to the set of ﬁve predictors. Over AMZ the logarithmic model accounts for changes in TLD
a

Table 4. Standardized Multiple-Linear Regression Parameter Estimates for TLD
Region

NCAPE, X1

CCN, X2

WCD, X3

SHEAR, X4

RH, X5

C

GLOBE
CONT
OCEAN
NHEMI
SHEMI
AMZ
CNG

0.29
0.34
0.47
0.24
0.21
0.20
0.31

0.70
0.49
0.55
0.66
0.69
0.44
0.33

0.26
0.29
0.42
0.27
0.13
0.12
0.0022

0.047
0.14
0.019
0.083
0.016
0.0056
0.077

0.19
0.31
0.17
0.22
0.32
0.43
0.55

4.7e-15
4.1e-14
9.6e-15
1.4e-14
7.5e-15
1.2e-14
1.4e-14

a

Coefﬁcient estimates (assuming the logarithmic model form #9 from Table 1) for the set of predictors composed of
(1) NCAPE, (2) CCN, (3) WCD, (4) SHEAR, and (5) RH resulting from standardized least squares multiple-linear regression of
total lightning density (TLD) over the TRMM global domain (GLOBE; annual), continents (CONT; annual), oceans (OCEAN;
annual), the Northern Hemisphere (NHEMI; warm season), the Southern Hemisphere (SHEMI; warm season), the Amazon
River basin (AMZ; annual), and the Congo River basin (CNG; annual) for the years 2004–2011.
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a

Table 5. Standardized Multiple-Linear Regression Parameter Estimates for AVGHT30
Region

NCAPE, X1

CCN, X2

WCD, X3

SHEAR, X4

RH, X5

C

GLOBE
CONT
OCEAN
NHEMI
SHEMI
AMZ
CNG

0.36
0.43
0.53
0.30
0.29
0.27
0.24

0.66
0.46
0.50
0.65
0.73
0.58
0.31

0.33
0.37
0.35
0.33
0.18
0.076
0.056

0.07
0.17
0.11
0.10
0.05
0.0035
0.24

0.04
0.20
0.01
0.04
0.07
0.23
0.52

1.8e-14
2.3e-14
7.3e-14
6.2e-14
5.5e-15
3.5e-14
1.0e-14

a

As in Table 4 but for average height of 30 dBZ radar echoes (AVGHT30) (assuming the logarithmic form of model #9
from Table 1).

(R2 = 0.82) and AVGHT30 (R2 = 0.74), while the R2 values for the logarithmic model over CNG are marginal at
best (the R2 = 0.68 for both TLD and AVGHT30). The stability and statistical signiﬁcance of SHEAR (for TLD) and
WCD (for AVGHT30) become more uncertain within both of these two small-scale regions compared to the
results for regressions based on data from either hemisphere or the full global data set from all months of
the year. Inspection of correlations between inputs over AMZ or CNG, assuming the logarithmic model form,
reveals that Ri2 increases to approximately 0.30–0.45 in some cases, suggesting that one predictor may be
related to other predictors in the set. This inference is supported by the presence of relatively large standard
errors associated with the regression coefﬁcients for each set of predictors. Note that for the regions over the

Figure 5. As in Figure 4 but for individual regions speciﬁed over the Amazon River and Congo River basins for the years
2004–2011 (see Figure 1 for geographic boundaries).
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Congo River and Amazon River basins, RH becomes a dominant factor such that both TLD and AVGHT30
increase with decreasing RH—this trend is qualitatively consistent with ﬁndings for all continental regions
in the tropics on the annual basis.
The results from the current investigation support that SHEAR does not contribute signiﬁcantly to the variability of convective clouds over the Amazon and over remote oceanic regions. This study is limited to the
tropics and adjacent areas of the subtropics up to 38° latitude, i.e., where horizontal gradients of temperature
are generally weak, and by thermal-wind arguments large vertical wind shear is not usually apparent (exceptions are noted for sub-Saharan Africa and southern Asia during certain phases of the seasonal/annual cycles).
As suggested by Holloway and Neelin [2009, and references therein], moisture in the tropical free troposphere
is a necessary, but by itself insufﬁcient, condition for the development of deep convection. Our study inherently hones in on these types of environments since we explicitly isolate deep convective features that have
already penetrated appreciable distances into the free troposphere; after binning the collection of CFs using
RH as one of ﬁve environmental predictors, we observe that the minimum midlevel RH was no less than
30–40%. Still, lightning and radar reﬂectivity echo tops are shown to be greater (higher) for decreasing
midtropospheric RH; we suspect that the role of drier environments could be to modify the strength of
convective downdrafts and subsequent dynamic forcing for secondary convection (i.e., cloud development
driven by convective outﬂow) through stochastic entrainment/mixing episodes. Meanwhile, mixing of dry,
ambient air into the updraft could also inﬂuence the evolution of hydrometeor size distributions and therefore impact collision efﬁciency and riming in the mixed-phase region. In a test of sensitivity using the global
TRMM data set, we note that for regression trials involving a deep-layer bulk wind difference and deep-layer
environmental humidity (over the 850–200 hPa layer), the trend for SHEAR turns negative for some cases, the
trend for RH remains unequivocally negative, and the relative importance of both factors is still generally
smaller than NCAPE, CCN, and WCD by comparison.
In order to examine whether the differences in relative weight for NCAPE, CCN, WCD, SHEAR, and RH are indicative of true cloud-physical behavior, limited dynamic range in the parameters themselves, or unrepresentative samples of observations, we compared the distributions of each parameter in turn between regions for
both TLD and AVGHT30 for our sample of CFs/LPCFs with AVGHT30 > 5 km (Figure 6). Note that the statistics
here implicitly do not account for shallow convective episodes as well as areas where deep convection is not
routinely observed by TRMM (e.g., over deserts or within regions of planetary-scale subsidence) and thus will
not account for the absolute range of environmental quantities. TLD and AVGHT30 are maximized over
continents (compared to over oceans), remain similar between hemispheres, and are greater over CNG than
over AMZ. In agreement with Williams et al. [2002] and Williams and Sátori [2004], trends in convectiveintensity proxies in this study are suggestive of the Congo being the more “continental” of the two smallscale, equatorial regions studied here (i.e., AMZ and CNG). For all the regions studied, NCAPE, WCD, SHEAR,
and RH are remarkably similar and the ranges of these parameters are physically realistic for this class of deep,
tropical convection (e.g., median NCAPE ≈ 0.08 J kg1 m1; median WCD ≈ 4400 m; median
SHEAR ≈ 5–6 m s1; and RH ≈ 70%). Additionally, the results from each region incorporate more than 104 individual CFs/LPCFs identiﬁed by the TRMM satellite during eight different years of observations, which leads us
to conclude that the observational subsets are representative of the range of possible environments favorable for deep convection within a given region (refer to Figure 6).
We note that there is considerable disparity in the distributions of CCN between the global collection of CFs
and regional subsets. For example, large-scale regions exhibit CCN concentrations between approximately
100 and 1000 cm3, whereas for the smaller CNG region, the majority of the distribution of CCN concentrations is greater than 200–300 cm3 (the mean CCN concentration for all shallow and deep CFs in the CNG
region for the years 2004–2011 is 744 cm3). Comparing the relative weights of the standardized-regression
output for TLD and AVGHT30 between different regions (Figures 4 and 5) to the distributions of individual
parameters (Figure 6), we ﬁnd that CCN is a more dominant factor when the background environment transitions between pristine (CCN ≈ 10–200 cm3) and more polluted (CCN > 200–500 cm3) conditions, such as
for the global collection of CFs. Alternatively, the relative weight of CCN in the logarithmic regression output
is lessened when the environment is frequently more polluted (e.g., CCN > 500 cm3). Based on the results
from the statistical analysis, we speculate that one reason for enhanced TLD and higher AVGHT30 over the
CNG region is the presence of consistently high CCN concentrations. However, assuming a logarithmic ﬁt
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Figure 6. Box-and-whisker distributions of (a) total lightning ﬂash density (TLD) and (g) the average height of 30 dBZ
echoes (AVGHT30) for all regions of interest (see text for each region’s abbreviation). The analogous distributions for
environmental input parameters (NCAPE, CCN, WCD, SHEAR, and RH) are shown for corresponding subsets of (b–f) lightning-producing convective features (LPCFs) and (h–l) convective features (CFs) with AVGHT30 > 5 km between 38°S and
38°N for the years 2004–2011. The median is denoted by a circled diamond and the interquartile range (25th–75th
percentile values) is marked by a thick solid line. The thin solid lines extend from the 10th to the 90th percentiles for each
parameter.
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for TLD based on CCN concentrations, as we have done here, we note that the fractional increase in lightning
with increasing CCN at higher background concentrations becomes smaller, such that the relative importance of CCN in explaining the variability of convective intensity may be lessened for the CNG region, in particular (compared to global and hemispheric data subsets). Thus, there are still additional uncertainties
surrounding the behavior of deep convection in the CNG region (to be discussed in the following section).
3.3. Real-Valued Multiple Linear Regression Results
A tangential assessment of the applicability of the statistical approach is motivated by previous studies that
attempted to parameterize lightning in chemical-transport and weather/climate models in order to accurately resolve lightning-NOx production [Pickering et al., 1990, 1998; Schumann and Huntrieser, 2007]. Allen
and Pickering [2002] developed parameterizations for lightning ﬂash rates using the vertical mass ﬂux,
convective precipitation rate, and cloud top height from the Goddard Earth Observing System Data
Assimilation System but found considerable disagreement between their regressions and observations,
particularly over tropical oceans, citing bias in their modeled predictor set. However, it is well known that
the convective cloud tops in the tropics may reach the tropopause even in the absence of strong updrafts
(w > 5–8 m s1) [Zipser, 2003] or appreciable vertical reﬂectivity column development and lightning [Szoke
et al., 1986; Zipser and Lutz, 1994; DeMott and Rutledge, 1998]. It is possible that weak relationships between
parameterized and observed lightning ﬂash rates in previous global modeling studies [e.g., Allen and
Pickering, 2002] resulted from focusing on variables that were not directly linked to the chargeseparation process.
In this segment of our investigation, we limit our focus to the collection of CFs that produce lightning and
have a radar signature suggestive of the presence of graupel in the mixed-phase region (i.e.,
AVGHT30 > 5 km). For our subset of deep CFs, we ﬁnd that the probability of lightning (deﬁned as the ratio
of the number of LPCFs to the number of CFs) is 11.9% for the global sample, 30.8% for continental regions,
and 5.3% for oceanic regions. Liu et al. [2012] examined a larger sample of precipitation features with 30 dBZ
echo top heights (observed by the TRMM PR) reaching temperatures between 9 and 11°C, and they found
that the probability of lightning ranged from 0 to 10% over oceans and 10–30% over continents (see Figure 3c
of that study) within the TRMM domain. Cecil et al. [2005] showed that the overall probability of lightning
within precipitation features with 30 dBZ echo top height extending to temperatures colder than 50°C is
approximately 75–90%. Meanwhile, many previous investigators observed 40 dBZ echo top height reaching
10°C coincident with the onset of signiﬁcant cloud electriﬁcation and the ﬁrst occurrence of lightning
within individual, isolated cumulonimbi [e.g., Dye et al., 1989; Gremillion and Orville, 1999; Atlas and
Williams, 2003; Stolzenburg et al., 2015]. We highlight these ﬁndings to guide future investigators as they
determine when to apply the lightning parameterizations that will be presented next.
The results from this study support the notion that NCAPE, CCN, WCD, SHEAR, and RH in combination contribute signiﬁcantly to the observed variability in lightning on the global scale. Accordingly, “real” values (as
opposed to standard anomalies) of lightning, conditional instability (NCAPE), CCN, WCD, SHEAR, and RH
are used as inputs for the computation of ordinary least squares regression coefﬁcients assuming the logarithmic model form (using available data from all months of the year). Using real values (as opposed to standard anomalies) of the various inputs in the multiple-regression routine thus allows the results to be applied
directly in chemical transport, weather, and climate model lightning parameterizations. The multiplecorrelation for the real-valued, global-scale logarithmic regression was R2 = 0.81, the F statistic for the regression was signiﬁcant at the p < 0.01 level, and individual t statistics for coefﬁcient estimates were signiﬁcant at
the p < 0.10 level (Figure 7a), with SHEAR and RH being the exceptions. Assuming the logarithmic model
form #9 (e.g., Table 1), the coefﬁcients are +0.208 for NCAPE, +0.266 for CCN, 0.833 for WCD, 0.037 for
SHEAR, 0.500 for RH, and +0.967 for the model constant (see equations (2a)–(2c) below).
To reiterate, the NCAPE parameter studied here is well correlated with CAPE computed from the same data
set (Pearson r ≈ 0.90), possibly the result of relative homogeneity in the depth of positive area in rawinsonde
observations, speciﬁcally across the tropics, on average. We tested the logarithmic regression model after
substituting the computed value of CAPE for NCAPE and the results are very nearly the same in so far as
the skill of the regression is concerned (Figure 7b; R2 = 0.81). The regression coefﬁcients are +0.180 for
CAPE, +0.269 for CCN, 0.866 for WCD, +0.051 for SHEAR, 0.530 for RH, and +0.379 for the model constant.
Based on the statistical performance of each respective regression (i.e., NCAPE versus CAPE), it appears that
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Figure 7. Observed values of total lightning density (TLD) versus predicted values of TLD based on logarithmic model #9
with real-valued inputs using (a) NCAPE and (b) CAPE for the ﬁrst predictor. The logarithmic form of the multiple-linear
regression model is used, and the multiple-correlation, mean square error, and the number of samples are shown in the
upper left of each panel. The black solid line indicates the one-to-one correspondence between observations and predicted
values of the response variable (see text for parameter estimates, their associated p values, and the regression constant for
each case).

substituting CAPE for NCAPE in parameterizations for lightning in the tropics and subtropics within chemical
transport and weather/climate models is appropriate. We found similar performance for statistical
approximations over continental and oceanic regions; for convenience, the real-valued logarithmic forms
of the multiple-linear regression equations (incorporating NCAPE as opposed to CAPE) are provided below
(equations (2a)–(2c)):
log10 ðTLDÞGLOBE ¼ 0:967 þ 0:208∙log10 ðNCAPEÞ þ 0:269∙log10 ðCCNÞ  0:833∙log10 ðWCDÞ þ ⋯
þ0:037∙log10 ðSHEARÞ  0:500∙log10 ðRHÞ

(2a)

log10 ðTLDÞCONT ¼ 1:037 þ 0:171∙log10 ðNCAPEÞ þ 0:169∙log10 ðCCNÞ  0:723∙log10 ðWCDÞ þ ⋯
þ0:084∙log10 ðSHEARÞ  0:623∙log10 ðRHÞ

(2b)

log10 ðTLDÞOCEAN ¼ 3:413 þ 0:300∙log10 ðNCAPEÞ þ 0:174∙log10 ðCCNÞ  1:521∙log10 ðWCDÞ þ ⋯
þ0:011∙log10 ðSHEARÞ  0:352∙log10 ðRHÞ
1

(2c)

2

where the units of predicted TLD are ﬂashes min km ) (note that linear values for TLD can be recovered by
evaluating 10X, where X is the resulting output from any of the regressions in equations (2a)–(2c)), the units of
NCAPE are J kg1 m1, the units of CCN are cm3, the units of WCD are in meters, the units of SHEAR are
m s1, and the units of RH are in percent.
The results from the real-valued regression output can be used to analyze the partial sensitivity of
convective intensity proxies to the contributions from various predictors directly. We ﬁrst established a
baseline by substituting the 10th percentile value for each of the predictors into the logarithmic form
of model #9 (e.g., equations (2a)–(2c) or see Table 1 for the general form) for a given geographic area
and convective intensity proxy. Then we quantiﬁed changes in either TLD or AVGHT30 for each data
subset (i.e., each geographic area) as we varied either CCN (the aerosol contribution) or the sum of
NCAPE and WCD inputs (leading thermodynamic contributions, collectively) from the 10th to the 90th
percentile limits for each predictor in turn. Again, since we have demonstrated that the degree of correlation between predictors is sufﬁciently small (refer to Ri2 statistics in Tables 2 and 3), we interpret
changes in TLD or AVGHT30 with respect to each predictor in isolation (i.e., holding other predictors
ﬁxed). The results of this partial sensitivity analysis for both TLD and AVGHT30 are provided in Table 6,
broken down by geographic area and communicated in terms of relative differences from the baseline
value from the appropriate logarithmic regression detailed just above.
For the global and hemispheric collections of CFs/LPCFs, the contribution of CCN outweighs the sum of
thermodynamic contributions (i.e., from NCAPE and WCD) by a factor of approximately 1.6–2.4 for TLD
and 1.4–2.0 for AVGHT30. The statistical results suggest the opposite behavior over continents and
oceans, respectively, where the thermodynamic contributions are greater than the aerosol contribution
by roughly a factor of 1.2–1.9 for TLD and 1.5 for AVGHT30. The contributions of CCN and
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a

Partial Sensitivity

GLOBE

CONT

∂(TLD)/∂(CCN)
∂(TLD)/∂(THERMO)

123.2%
74.8%

53.5%
64.7%

∂(TLD)/∂(CCN)
∂(TLD)/∂(THERMO)

14.7%
10.7%

9.4%
14.5%

OCEAN
TLD
64.4%
124.1%
AVGHT30
4.7%
7.0%

NHEMI

SHEMI

CNG

AMZ

111.3%
69.1%

124.5%
51.5%

22.9%
23.8%

55.2%
40.0%

15.8%
11.6%

15.1%
8.1%

6.0%
6.7%

10.5%
6.2%

a

The partial sensitivity of total lightning density (TLD) and the average height of 30 dBZ echoes (AVGHT30) with
respect to either the aerosol component (CCN) or thermodynamic components (i.e., the sum of contributions from
NCAPE and WCD) for different geographic areas shown in Figure 1 (for the years 2004–2011). The partial sensitivity is
quoted as a percent relative to a baseline that is computed by substituting the 10th percentile values for each predictor
(NCAPE, CCN, WCD, SHEAR, and RH) in each geographic area into the chosen regression equation (using the logarithmic
form of regression model #9 in Table 1; see text). Refer to the text and Figure 1 for deﬁnitions of geographic areas
constituted by GLOBE, CONT, OCEAN, NHEMI, SHEMI, CNG, and AMZ.

thermodynamics are very similar for CFs/LPCFs contained within the CNG region, whereas the CCN
contribution is larger than thermodynamic contributions by a factor of roughly 1.4 for TLD and 1.7 for
AVGHT30 within the AMZ region.
We next investigated the accuracy of the real-valued multiple-linear regression output by comparing the
multiannual (for the years 2004–2011) geographic distributions of TLD predicted using equations (2a)–(2c)
derived in this study (Figures 8a and 8b) with the distribution of TLD observed by the TRMM satellite
(Figure 8c). The distribution shown in Figure 8b is a hybrid of the continental and oceanic logarithmic
approximations (termed the hybrid approximation) applied to the appropriate grid boxes within the
global TRMM domain. In addition, we show differences between observed TLD and (1) TLD predicted
using the global approximation (equations (2a)–(2c) and Figure 8d) and (2) TLD predicted using the
hybrid approximation (equations (2b) and (2c) and Figures 8e). The median of the global approximation
within a given geographic grid box overestimates the median TLD in oceanic regions (in some places by
more than a factor of 2) and underestimates TLD in continental regions (Figure 8d), e.g., the global
approximation predicts 32.7% less lightning over the CNG region on average. The average difference
between observed TLD and TLD predicted using the global approximation across the entire TRMM
domain amounts to +21.6%.
Meanwhile, the hybrid approach (Figure 8b) that combines approximations developed speciﬁcally by ﬁrst
subsetting data over continental and oceanic regions, then computing the separate multiple-linear approximations for continents and oceans (shown in equations (2a)–(2c)), and then applying these regressions over
their respective domains (over continents and oceans, respectively) performs considerably better as
evidenced by the distribution of differences between observed and predicted TLD (Figure 8e). The hybrid
approximation has reduced biases over continents and oceans, especially over parts of the Indian and
Atlantic Oceans. The resulting average difference between observed and predicted TLD across the TRMM
domain is reduced to +11.6%. Furthermore, the values of TLD predicted by the hybrid approach are conﬁned
to within a factor of 2 at 95% of locations in the TRMM domain (i.e., 38°S–38°N). Together, these results
suggest that some intrinsic difference in the nature of convection between continents and oceans deﬁes
characterization using a single, “universal” lightning parameterization.
As an example in Figure 8e, the CNG region stands out as an area where the lightning parameterization needs
to be improved, as the predicted values of TLD are less than the observed values of TLD by approximately
40% on average. It is possible that some aspect of variability in the population of deep, tropical, convective
clouds is unresolved by the combination of NCAPE, CCN, WCD, SHEAR, and RH. For example, it is of interest to
understand how isolating CFs at speciﬁc stages of maturity, local terrain inﬂuencing mesoscale convective
development, convective organization (e.g., for multicellular versus organized mesoscale convective
systems), different species of CCN in the environment, and differentiating CCN and ice nuclei within the aerosol population would impact the current results in the CNG domain. Perhaps, these factors also contribute to
the observed differences in the relative importance of each predictor (i.e., NCAPE, CCN, WCD, SHEAR, and RH;
see Figures 4 and 5 and Tables 4 and 5) as they inﬂuence lightning (and vertical precipitation structure) within
deep CFs in the tropics and subtropics from region to region or between seasons.
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Figure 8. Annual median distributions of (a) predicted total lightning ﬂash density (TLD) using the global approximation (equation (2a)), (b) predicted TLD using
continental and oceanic regression results (hybrid approximation; equations (2b) and (2c)), (c) observed TLD for lightning-producing convective features (LPCFs)
(see text for deﬁnition) averaged over 2° grid boxes between 38°S and 38°N for the years 2004–2011. (d and e) The difference between predicted lightning using the
global approximation and observations versus predicted lightning using the hybrid approximation and observations. Tan areas in Figures 8d and 8e constitute areas
where there were an insufﬁcient number of observations for the median difference computation. Only LPCFs with AVGHT30 > 5 km are included in this analysis.

4. Discussion
Conceptual examples of deep convective clouds that span the continuum of the observations between
continents and oceans studied here, along with their associated lightning and radar reﬂectivity characteristics, are illustrated schematically in Figure 9. The exemplary cloud shown in the left portion of the diagram
depicts deep convective clouds that occur in environments that favor infrequent lightning and insigniﬁcant
development in the vertical reﬂectivity structure, i.e., maritime environments with deep WCD, generally low
CCN concentrations, small values of NCAPE, negligible lower to midlevel shear, and relatively moist midlevel
environments. Hence, updrafts are shown to be strongest at or below the freezing level [e.g., Zipser, 1994],
and the horizontal dimensions of the main convective core and radar reﬂectivity are relatively narrow [e.g.,
Williams and Stanﬁll, 2002].
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Low values of reﬂectivity between about 0°C and 40°C in the mixed-phase region could be a consequence
of weak updrafts that have been observed at or below these altitudes within deep convective clouds over
tropical oceanic locations especially [e.g., Heymsﬁeld et al., 2010]. Subsequently, the updraft may be incapable
of lofting graupel and supercooled water to higher altitudes, and therefore, weak updrafts may be responsible for the overall lack of lightning associated with this population of deep convective clouds when invoking
the theory for noninductive thunderstorm charging [e.g., Takahashi, 1978; Williams et al., 1991; Saunders,
1993]. As a caveat, observations and theoretical calculations providing evidence for increases in updraft
speed above the freezing level within tropical deep convective clouds (e.g., over tropical oceans) depend
on the release of latent heat of fusion and the ability of the updraft to rid itself of condensate [Zipser,
2003]; the possibility for electriﬁcation in this case will be sensitive to whether latent heating and invigorated
updrafts are capable of supplying the mixed-phase region with supercooled water to promote graupel development at temperatures of approximately 10 to 20°C.
In contrast, the multiple-linear regression models studied here suggest that increasing lightning ﬂash rate
density and higher AVGHT30 are associated with increasing NCAPE, increasing CCN concentrations
(100–1000 cm3), decreasing WCD, increasing SHEAR, and slightly drier environments in the midtroposphere
(as exempliﬁed on the right side of Figure 9). It should be noted that our data are limited to the TRMM domain
(i.e., the tropics/subtropics) where the environment is conducive to the development of deep convection (i.e.,
AVGHT30 > 5 km) as well as where WCD generally ranges from 3000 to 5000 m. The highest AVGHT30 was
found to be in the vicinity 8–10 km on average (i.e., altitudes where the temperature is close to 20°C or
colder assuming a moist adiabatic lapse rate), and these CFs were generally associated with the highest lightning ﬂash density. The storm echo top (~17–20 dBZ as resolved by the TRMM PR) is similar in both cases in the
conceptual diagram, since reﬂectivity echo tops in deep convective clouds in the tropics commonly reach
upward of 15 km, while potentially large differences in the vertical development of the reﬂectivity column
at lower altitudes and differences in cloud top height can still be apparent [DeMott and Rutledge, 1998;
Carey and Rutledge, 2000; Hamada et al., 2015]. Following previous hypotheses [e.g., Williams and Stanﬁll,
2002; Williams et al., 2005; Carey and Buffalo, 2007], clouds with shallower WCD are shown to have wider
horizontal core dimensions as plumes are able to expand in size through a deeper boundary layer [e.g.,
Williams and Stanﬁll, 2002]; Lucas et al. [1994] found evidence that narrow cores of upward motion within
deep convective clouds in the tropics are readily diluted by entrainment.
We argue that the simultaneous hypothesis applies to global variations in lightning and radar reﬂectivity
structure, in that the relationships between convective-intensity proxies (TLD and AVGHT30) and the predictors (NCAPE, CCN, WCD, SHEAR, and RH) were consistent across multiple regions. We speculate that larger
values of NCAPE contribute to more explosive vertical motions once parcels are lifted beyond their respective
level of free convection; rapid vertical motions (in excess of 8–10 m s1 in the mean sense) are easily capable
of lofting graupel and small ice while continuously supplying the mixed-phase region with supercooled
water. Until now, a viable method to collect direct measurements of vertical motions within deep convective
clouds across the global domain has eluded scientists; however, new methods to estimate the updraft velocity near cloud base have recently been developed [Zheng et al., 2015; Zheng and Rosenfeld, 2015]. We expect
that including explicit representation of vertical motions (i.e., as a substitute for NCAPE) in a statistical analysis
such as this would substantiate the current result, but we acknowledge that incorporating any such measurements would likely improve the underlying characterization of environmental thermodynamic controls on
convective intensity in isolation.
Meanwhile, increases in 30 dBZ reﬂectivity echo top heights and TLD are consistent with either increasing the
mean diameter of hydrometeors or increases in the number of particles within the mixed-phase region.
Increasing the mean diameter of particles via riming or accretion will contribute signiﬁcantly to local
increases in reﬂectivity in the mixed-phase region (as radar reﬂectivity is proportional to the sixth power of
particle diameter), while either increasing particle diameter or increasing hydrometeor number concentration could hypothetically be linked to increasing CCN concentrations via aerosol-invigoration theory [e.g.,
Rosenfeld et al., 2008]. For example, for a convective cloud developing in an environment with a greater
number of CCN present (i.e., more polluted environments), the resulting droplet population below the freezing level has a smaller mean diameter. Droplets with smaller diameters and collector drops have a lower
collision/collection efﬁciency, and therefore, subsequent generation of precipitation by warm rain
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Figure 9. A conceptual design for the variability of deep convection and lightning with respect to NCAPE, CCN, WCD,
SHEAR, and RH as observed using global TRMM data set (i.e., archetypes for continental and oceanic convection). Higher
(deeper) values of NCAPE, CCN, SHEAR, and RH (WCD) are indicated qualitatively by larger label sizes in each environment.
Conversely, lower (shallower) values of the predictors are implied by smaller labels. Radar reﬂectivity is illustrated using
transparent color shading (see legend in the upper left corner of the ﬁgure). Environmental isotherms are shown by light
blue, dashed lines with appropriate labels along the left margin.

microphysical processes can be stunted. Following similar logic, the inverse relationship between convective
intensity and WCD could be the result of WCD’s control on a parcel’s residence time in the warm phase.
Alternatively, Freud and Rosenfeld [2012] argued that the height above cloud base where precipitation
initiates is directly related to the number of CCN present at cloud base—for a given CCN concentration,
shallowing WCD decreases the likelihood that a critical effective droplet radius will be realized in the
ascending parcel. A likely outcome for the combination of inﬂuences is that more supercooled liquid
becomes available for riming and charge-separation processes in the mixed-phase region, i.e., after a
parcel ascends above the freezing level.
Note that if the wet deposition process (or other potential sources of error in GEOS-Chem) systematically
impacts GEOS-Chem’s estimates of CCN concentrations in the environment of deep CFs/LPCFs, we might
expect diminished or inverse relationships between TLD/AVGHT30 and CCN to manifest themselves in the
current statistical analysis. However, the results of the current study of CFs/LPCFs from a multiyear sample
of observations from the TRMM climatology depict positive correlations between convective intensity and
CCN concentrations consistently in our experimental trials. Recall that these results apply speciﬁcally to deep
convective clouds that have penetrated well into the free troposphere (AVGHT30 > 5 km) in the tropics and
subtropics, presumably in environments with sufﬁcient moisture. A slight caveat present in our results is that
TLD (AVGHT30) is greater (higher) is environments that are slightly drier in terms of RH, in line with Wall et al.
[2014]; Grant and van den Heever [2015] argued that dynamical- and microphysical-convective feedbacks can
lead to outﬂow-driven convection where the midtroposphere is relatively dry while accounting for the inﬂuence of CCN on the microphysical evolution of deep convection.
Results from the current investigation of standardized regression coefﬁcient estimates and partial sensitivity
analysis in section 3 above corroborate that CCN, NCAPE, and WCD signiﬁcantly contribute to the observed
variations in lightning and radar reﬂectivity echo top height; the results are broadly consistent with the ﬁndings of Stolz et al. [2015], as the largest increases in convective intensity with respect to either CCN or thermodynamic inputs are found for the collection of CFs/LPCFs within the global TRMM domain or within individual
hemispheres (as opposed to over continents or oceans separately). The former study by Stolz et al. [2015]
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characterized the maximum possible range in TLD/AVGHT30 within different stratiﬁcations of the data set,
whereas we characterize the response of TLD/AVGHT30 to changes across the 10th–90th percentile range
of various inputs. In addition, the current statistical method permits more direct comparisons of the relative
contributions of individual predictors to the observed variations in TLD and AVGHT30.
Inferring from Figure 6 and Tables 4–6 and using the foregoing statistical results as a guide, the inﬂuence of
CCN on TLD/AVGHT30 tends to be larger (by a factor of 2.0+) than the combined inﬂuence of NCAPE and
WCD when CFs (or LPCFs) are collected within global or hemispheric geographic areas and where attributed
CCN concentrations vary between 102 cm3 and 103+ cm3 within that geographic area. On the other hand,
when collections of CFs and LPCFs are isolated over continents and oceans separately, the variance in attributed CCN concentrations is markedly less (the interquartile ranges of CCN for deep CFs, based on GEOSChem, over continents and oceans are 113–590 cm3 and 35–96 cm3, respectively) and the combined inﬂuence of thermodynamic inputs on TLD/AVGHT30 becomes dominant (by a factor of approximately 1.5)
compared to the inﬂuence of CCN. Distinct patterns of subseasonal variability in CCN and thermodynamics
and associated oscillations between more maritime or more continental cloud populations have been documented by previous investigators in the AMZ region [e.g., Williams et al., 2002]. According to the current
statistical results, CCN concentrations in the AMZ vary between typical maritime and continental levels in
context of a thermodynamic background favorable for the initiation of deep convection—in the AMZ, CCN
appear to exert greater inﬂuence on both TLD and AVGHT30 as compared to the combined inﬂuence of
NCAPE and WCD. These and other important results from this investigation are summarized in the concluding remarks that follow.

5. Conclusion
The current analysis has focused on characterizing variations in total lightning ﬂash density (TLD) and vertical
convective precipitation structure (AVGHT30) using a sample of more than 1.2 million CFs (250,000 LPCFs)
observed by the TRMM satellite between the years of 2004–2011 across the tropics and subtropics. We implemented a novel multidimensional data-binning/averaging routine (to mitigate the effects of inherent noise in
the observational sample) to determine the relative inﬂuence of multiple factors simultaneously. The largest
range of statistical variation in convective intensity (i.e., the response variables, TLD and AVGHT30) was
explained by a simultaneous combination of NCAPE, CCN, WCD, SHEAR, and RH, i.e., using a standardized
multiple-linear regression technique (the logarithmic multiple-linear regression models developed herein
exhibited R2 ≥ 0.78 for the global sample of CFs and LPCFs). Subsequently, the relative contributions of the
aforementioned set of predictors to the variability of lightning and radar reﬂectivity within the global
TRMM domain, individual hemispheres, and select geographic areas for CFs/LPCFs were
systematically quantiﬁed.
Lopez [2016] and others before have echoed uncertainty about the relative importance of aerosols/CCN as
they inﬂuence the variability of deep convection globally, but the current results support that CCN and
thermodynamic factors signiﬁcantly inﬂuence global variability and continental versus oceanic contrasts in
lightning behavior and vertical precipitation structure. The standardized weight attributed to CCN (positive)
in the multiple-linear regression framework was comparable to the combined standardized weights of
NCAPE (positive) and WCD (inverse) for TLD within large geographic areas. Meanwhile, SHEAR (positive)
and RH (inverse) were in some cases insigniﬁcant (e.g., Figure 4). An exception to this rule was found over
our smaller regions of interest, such as the Amazon and Congo River basins (e.g., Figure 5), where the relative
contribution of midtropospheric RH became a dominant inﬂuencing factor in terms of the magnitude of its
standardized weight, consistent with discussions in Wall et al. [2014]. After examining the distributions of the
chosen convective intensity proxies (TLD and AVGHT30) and the attributed environmental factors mentioned
above (e.g., Figure 6), we determined that variations in the relative weight of each input between regions
were more likely the result of actual cloud-physical behavior or limited range of observations as opposed
to having unrepresentative samples of the observational data. The partial sensitivity of TLD and AVGHT30
to CCN becomes larger than the partial sensitivity to NCAPE and WCD (i.e., the combination of leading thermodynamic inputs) for collections of CFs and LPCFs for which the CCN concentration varies between pristine
and polluted levels (e.g., within the global TRMM domain). The combined inﬂuence of thermodynamics on
TLD and AVGHT30 was found to be greater than the inﬂuence of CCN over continents and oceans separately.
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Many previous studies have attempted to develop global lightning parameterizations for the purpose of
improving the representation of atmospheric chemistry in global numerical weather, chemical-transport,
and climate models. As a direct application of our results, we investigated whether the global, continental,
and oceanic multiple-linear approximations developed here for TLD could successfully reproduce typical
aspects of global lightning climatology; the primary hypothesis for this part of the investigation is that lightning can be accurately predicted using a ﬁnite set of diagnostic quantities within a global numerical model
that incorporates transport of atmospheric chemical constituents and airborne particulates. Comparisons of
TLD predicted using the set of multiple-linear approximations from this analysis and TLD observed by the
TRMM satellite yield an average difference of +21.6% (+11.6%) using the global (hybrid) approximation
method (e.g., equations (2a)–(2c)). The majority of approximated TLD values were within a factor of 2 when
compared to observations using the hybrid approach (e.g., Figure 8). Biases in TLD over continents and
oceans present in the distributions of TLD predicted using the global approximation were effectively reduced
by using the hybrid approximation consisting of continental and oceanic multiple-linear approximations
where geographically appropriate. Thus, we highlight the need for subsequent investigations of this kind
focused on CF/LPCF behavior within selected regional domains, i.e., downwind of major continents over
warm ocean currents in the western portions of major ocean basins. When studying CFs/LPCFs within smaller
geographic areas (e.g., less than or equal an area of 106 km2), great care will need to be exercised to ensure
that the sample sizes do not decrease signiﬁcantly to preclude robust statistical analysis, and more importantly, to ensure that the set of simultaneous observations spans a wide range of scenarios (and not situations
where environmental factors vary together).
It is important to remember that the set of predictors examined here was chosen according to dominant
hypotheses in the literature, e.g., the thermodynamic hypothesis, the aerosol hypothesis, and simultaneous
hypotheses that incorporate the inﬂuence of multiple factors at once. From this perspective, the fact that
the multiple-correlation coefﬁcients for multiple-linear regression models of convective-intensity proxies
based on NCAPE, CCN, WCD, SHEAR, and RH exceed 0.80 (e.g., for the global data set) is unsurprising. The
results from this investigation add new insights to an emerging body of literature that attempts to present
a holistic, global view of the relative importance of thermodynamics, kinematics, and aerosols as they simultaneously inﬂuence the development of deep convection and cloud electriﬁcation.
This study demonstrates that logarithmic relationships between convective clouds and their environments
are robust to changes in region, land versus ocean, and seasonal differences in the tropics and subtropics
(e.g., Figure 9) and supports the notion that NCAPE, CCN, and WCD are among the most inﬂuential predictors
accounting for observed, global variations in convective intensity (i.e., between continents and oceans). We
emphasize that the current results apply to characterizations of NCAPE, CCN, WCD, SHEAR, and RH as they
inﬂuence convective precipitation and lightning in the tropics and subtropics in the statistical sense. Due
to the limitations of the current data sets, we are unable to discern exact physical pathways to account for
the observed physical relationships. Therefore, future cloud-resolving model studies are warranted to study
these phenomena in response to simultaneous changes in NCAPE, CCN, WCD, SHEAR, and RH in more detail.

Appendix
A1. Assumptions of Multiple-Linear Regression
Multiple-linear regression is a statistical technique that seeks to explain variability in the predictand by minimizing the difference between the observed value of the predictand and a value of the predictand that is estimated using a combination of the chosen input variables [Wilks, 2011]. In the discussions that follow, the
terms “predictand” and “response variable” are understood to be synonymous with the dependent variable.
Provided a number of relevant assumptions are valid in context, the sensitivity of the predictand to each of
the input variables can be quantiﬁed in isolation [Montgomery et al., 2012]. As a generalization of the onedimensional case, the multiple-linear regression model is speciﬁed as follows:
Y n ¼ β0 þ β1 X 1;n þ β2 X 2;n þ … þ βp X p;n þ ε

(A1)

where Yn is the predictand, β0 is the regression constant, βp are coefﬁcients for each of the Xp predictor
variables, and ε signiﬁes errors, or residuals, between the ﬁtted value of the predictand and the observed
value, Yn (for the set of n observations). This statistical model is commonly tested against the null hypothesis that
the chosen set of input variables exhibit no skill in predicting the response, i.e., β0…βp = 0.
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For variables that exhibit lognormal behavior (such as lightning, rainfall, and CCN), multiplicative approximations for the dependent variable (e.g., lightning or radar reﬂectivity in this study) are relevant in a multiplelinear regression framework since they can be re-expressed as linear approximations via the
following development:
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Note that the preceding development does not contain products of regression coefﬁcients, βp. In multiplelinear regression analysis, the investigator is burdened with proving that the null hypothesis (i.e., β0… βp = 0)
is false and thus is obliged to demonstrate that several assumptions are valid, i.e., Gaussian residual behavior,
homoscedasticity (i.e., that the residual variance is constant across the domain), and sufﬁciently small correlation between predictors.
To address these assumptions in the current study and following methods detailed in Draper and Smith
[1998], Montgomery et al. [2012], and Wilks [2011], we examine the multiple-correlation for the regression,
e.g., the R2 statistic adjusted according to the number of degrees of freedom in the regression; the signiﬁcance of the multiple-linear regression by implementing the F test through examination of the ratio of
variance in the regression versus variance in the residuals; correlations between input variables, i.e., multicollinearity; the distribution of regression residuals about zero/residual variance; and standard error of each
coefﬁcient to determine whether the individual regression parameter estimates are signiﬁcantly different
from zero.
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