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1. Introduction
The comments from Bunkers (2009, hereafter B09)
regarding the mesoscale convective system (MCS) index proposed in Jirak and Cotton (2007, hereafter JC07)
are appreciated. The MCS index was developed from the
North American Regional Reanalysis (NARR) dataset
with the intention that it would be continually improved to optimally work in the operational setting.
Therefore, the feedback in B09 generated from testing
the MCS index at the Weather Forecast Office in Rapid
City, South Dakota, is helpful in reaching that goal.
Although any term in the MCS index may dominate in a
particular convective situation, the 700-hPa temperature advection (TAdv) term was not intended to be
weighted more heavily than the other terms in the MCS
index for a typical convective scenario using standard
operational gridded datasets. Because B09 found this to
be the case in testing the MCS index, some attention is
needed to address the issue of operational variability of
TAdv. This response discusses measures of variability,
factors that influence the variability of TAdv, and a
resolution to improve the MCS index for use with operational datasets.

2. Variability of temperature advection
Two common measures of variability of a dataset are
standard deviation and range. Standard deviation is
generally thought to be a better measure of variability
than range because it is not as strongly influenced by
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extremes and outliers; thus, it was used as the measure
of variability in the MCS index. B09 questions why the
variability of TAdv in the JC07 dataset is not consistent
with operational datasets. This is partly due to B09 primarily discussing the operational range of TAdv while
JC07 focus on the standard deviation of TAdv. In general, there is not a strong relationship between standard
deviation and range. The range of values for TAdv discussed in B09 (e.g., his Table 1 and Fig. 2) seems to be
based on anecdotal evidence and experience rather
than on actual calculations for a variety of convective
events. Nevertheless, the range of TAdv discussed by
B09 seems reasonable for the MCSs studied in JC07
(i.e., TAdv min 5 222.4 3 1025 K s21 and TAdv max 5
51.6 3 1025 K s21). Even though the range is determined by a minority of points, these extremes still must
be handled by forecasters and may be meteorologically
important. There are several factors that influence the
different measures of variability of TAdv, including
time of year, model type and grid spacing, and spatial
variability.

a. Time of year
Because TAdv is determined from wind speed and
temperature gradient, the magnitude and variability of
TAdv change throughout the year (Table 1). The spatial variability of TAdv over the central United States is
at a minimum during the summer, is larger during the
spring and autumn, and is at a maximum during the
winter. The standard deviation of TAdv used in the
MCS index was calculated for MCSs that occurred during April–August when the variability of TAdv is relatively small. Because the 20 convective events examined by B09 occurred during the late spring and summer, the extreme values of TAdv observed in these
events cannot be explained by the time of year.
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TABLE 1. Standard deviation and range of 700-hPa temperature
advection (TAdv) over the central United States (domain of 248–
518N, 828–1158W) calculated daily at 1800 UTC using 20-km operational RUC model analyses during 2006 and averaged over
each month.
Month

TAdv std dev (K s21)

TAdv range (K s21)

Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

15.8 3 1025
15.4 3 1025
13.6 3 1025
11.3 3 1025
9.1 3 1025
7.7 3 1025
7.5 3 1025
6.8 3 1025
8.2 3 1025
12.0 3 1025
14.7 3 1025
14.8 3 1025

291.8 3 1025
276.5 3 1025
226.4 3 1025
172.8 3 1025
125.8 3 1025
101.9 3 1025
105.0 3 1025
93.6 3 1025
115.8 3 1025
171.1 3 1025
249.8 3 1025
270.4 3 1025

b. Model type and grid spacing
Model type and grid spacing also influence the variability of TAdv. For example, the standard deviation of
TAdv for MCSs studied by JC07 using the 32-km
NARR was 7.3 3 1025 K s21 while the standard deviation of TAdv for the same MCSs calculated using
40-km operational Eta analyses was 8.6 3 1025 K s21.
To quantify further the effect of model type and resolution on the variability of TAdv, the TAdv was calculated with different datasets for 51 MCSs that occurred
during the Bow Echo and Mesoscale Convective Vortex
(MCV) Experiment (BAMEX). Table 2 shows that the
standard deviation and range of TAdv are smallest for
the 32-km NARR, are larger for the operational 80-km
Rapid Update Cycle (RUC) model, and are largest for
the operational 40-km Eta Model. Notice that the ratio
between the range and standard deviation also increases
similarly among the datasets, indicating that the range is
even more strongly affected by model type and resolution than is the standard deviation. Thus, the variability
of TAdv appears to be lower for the NARR dataset
than for operational models regardless of grid spacing,
and the variability of TAdv in operational models increases as the grid spacing decreases.

c. Spatial variability
B09 offers a couple of possible explanations for why
the variability of TAdv in JC07 is lower than was observed in an operational setting. One explanation is
that smoothing or compositing may have been applied
to the data in JC07, but this was not done in obtaining
the average and standard deviation of TAdv. The other
explanation is that maximum values of TAdv could be

TABLE 2. Statistics of TAdv calculated for MCSs during
BAMEX using different datasets (i.e., NARR, 80-km RUC, and
40-km Eta). The data are extracted 6 h prior to MCS initiation
from the subsequent location of the MCS centroid at initiation.

No. of MCSs
Mean (K s21)
Std dev (K s21)
Min (K s21)
Max (K s21)
Range (K s21)
Range/s

NARR

RUC

Eta

51
4.1 3 1025
5.4 3 1025
24.2 3 1025
19.2 3 1025
23.4 3 1025
4.3

49
4.9 3 1025
7.9 3 1025
215.9 3 1025
31.6 3 1025
47.5 3 1025
6.0

51
4.0 3 1025
10.2 3 1025
212.8 3 1025
57.4 3 1025
70.2 3 1025
6.9

underrepresented in JC07 based on using single points
to represent the MCS environment. Because the standard deviation was calculated using point values of
TAdv at the centroid of each MCS, it is possible that
some of the variability in the environment is missed by
not catching the extremes. One of the difficulties in
developing the MCS index involved creating an index
using data solely from MCS environments and applying
that to the environment anywhere in the central United
States at any given time during the convective season.
The example provided in B09 can be used to demonstrate how the spatial variability in TAdv differs for
the NARR dataset and operational models of different
grid spacings. At first glance, the panels in Fig. 1 appear
to have considerable differences though they all represent TAdv calculated at 1800 UTC 17 August 2007. The
lower variability of TAdv in the NARR dataset is evident in Fig. 1a as a much smoother picture of TAdv
resulting in lower standard deviation and range than
TAdv calculated with the 40-km operational RUC
analysis (Fig. 1b) and the 12-km operational North
American Mesoscale (NAM) analysis (Fig. 1c). It is
clear that the higher-resolution NAM analysis produces
the largest variability of TAdv (notice the extreme
range listed in the lower-right corner of Fig. 1c), almost
to the point at which it is difficult to interpret where
general areas of warm and cold advection exist. Because TAdv was included in the MCS index to provide
an idea of the synoptic-scale upward motion, the larger
variability of TAdv in higher-resolution models does
not provide additional information for that purpose. It
is also worth noting that variability of the lifted index
(LI), another term in the MCS index, is not significantly
affected by the change in dataset or resolution. For this
example, the standard deviations of LI over the domain
were 4.9, 5.4, and 5.1 with ranges of 18.2, 19.2, and 20.0
for the NARR, RUC, and NAM datasets, respectively.
Therefore, it appears that only the TAdv term in the
MCS index is significantly affected by changes in the
dataset and grid spacing.
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FIG. 1. The 700-hPa TAdv (shaded; 8C h21) valid at 1800 UTC 17 Aug
2007 calculated using (a) 32-km NARR, (b) 40-km RUC, and (c) 12-km
NAM. Variability statistics for TAdv (K s21) over the domain are
shown in the lower-right corner of each panel.
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TABLE 3. Standard deviation of point-value MCS data and standard deviation of range within the MCS cloud shield for terms in
the MCS index calculated using 40-km operational Eta analyses
for the MCSs studied by JC07.
TAdv
(K s21)
Point
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SVM
(m s21)

LI

MCS
range

MCS
MCS
Point range Point range

Std dev 8.6 3 1025 15.5 3 1025

3.7

3.3

5.1

4.1

3. Conclusions and resolution
Further examination shows that the variability (i.e.,
standard deviation and range) of TAdv is larger for
gridded operational datasets than for the NARR dataset and for operational datasets of smaller grid spacing.
Although the standard deviation of TAdv increases
with increasing horizontal resolution, the range of TAdv
appears to be even more sensitive to grid spacing. As
mentioned throughout B09 and as highlighted in his
example, operational forecasters are concerned with the
range and extremes of TAdv. Even though this idea does
not affect the physical interpretation of the results in
JC07, it does affect the direct application of the MCS
index in an operational setting. Therefore, accounting for
the larger variability of TAdv in high-resolution operational gridded datasets should improve the applicability
of the MCS index to operational forecasting.
What constitutes a better estimate of TAdv variability for operational use in the MCS index? From calcu-

MCS Index Op 5

lations shown here (e.g., Tables 1 and 2), simply using
the standard deviation of TAdv from operational models rather than from the NARR dataset (i.e., the dataset
used in formulating the MCS index) only results in a
modest increase in variability (i.e., ;37%, or an increase from 7.3 3 1025 to ;10 3 1025 K s21). Even the
average spatial standard deviation of TAdv over the
domain of the central United States is less than 10 3
1025 K s21 from May through September for the 20-km
operational RUC model. Though standard deviation
accounts for the variability of most of the points, it is
not strongly influenced by the extremes. Following
comments in B09, it may be better to look at the range
to estimate the variability of TAdv for operational applications. In addition to the point-value data taken
from the centroid of each MCS as presented in JC07,
the minimum and maximum values of TAdv within the
MCS cloud shield were also extracted for each system.
Therefore, the range of TAdv can be computed from
the MCS precursor environment for each MCS. Table 3
provides the standard deviation of the range and point
values for each term of the MCS index. The standard
deviation of the range is nearly 2 times the standard
deviation of the point-value data for TAdv but is similar (actually slightly smaller) for LI and 0–3-km shear
(SVM). This result captures the larger variability of
TAdv while maintaining reasonable estimates of variability for LI and SVM. Using this new estimate of
variability, a revised definition of the MCS index for
application with operational gridded datasets is given:

ðLI 1 4:4Þ ð0  3 km shear  11:5 m s1 Þ ð700-hPa TAdv  4:5 3 105 K s1 Þ
1
.
1
3:3
4:1 m s1
1:6 3 104 K s1

The skill and accuracy measures of the operational
MCS index (MCS Index Op) shown in Table 4 are very
similar to those of the original MCS index (cf. Table 9

in JC07). Given the relatively minor modifications
made to the index, one would expect both forms of the
index to produce similar results when looking at these

TABLE 4. Accuracy and skill measures of the operational MCS index (MCS Index Op) in distinguishing between MCS precursor
environments and widespread convection for reanalyses, analyses, and forecasts out to 60 h. The optimal value at the maximum Heidke
skill score (HSS) is listed, as well as the threat score (TS), probability of detection (POD), false-alarm ratio (FAR), and bias B
calculated at that optimal value.

Reanalysis (1996–98)
Eta analysis (BAMEX)
Eta 6–12-h forecast (BAMEX)
Eta 18–24-h forecast (BAMEX)
Eta 30–36-h forecast (BAMEX)
Eta 42–48-h forecast (BAMEX)
Eta 54–60-h forecast (BAMEX)

HSS

Optimal value

TS

POD

FAR

B

0.48
0.51
0.54
0.48
0.44
0.48
0.45

21.25
20.75
21.25
21.50
21.50
21.50
21.50

0.64
0.65
0.65
0.64
0.60
0.64
0.60

0.82
0.74
0.72
0.76
0.70
0.76
0.68

0.25
0.16
0.12
0.19
0.19
0.19
0.17

1.10
0.88
0.82
0.94
0.86
0.94
0.82
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MCS point-value statistics for the NARR and 40-km
operational Eta datasets. However, a significant improvement should occur when viewing maps of the operational MCS index with higher-resolution operational
datasets (e.g., 12-km NAM), which have larger spatial
variability of TAdv. Thus, the operational form of the
MCS index can reduce the influence of TAdv in highresolution models without compromising the ability to
forecast MCSs accurately.
In summary, the larger variability of TAdv, especially
the range, for high-resolution operational models relative to the NARR dataset required attention in the
MCS index. The variability used to normalize the terms
in the MCS index was revised to include the effects of
range. This improvement should reduce the occurrence
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of the TAdv term dominating the MCS index when
applied to operational datasets. As recommended by
B09, the individual components of an index should always be examined when looking at the index (see MCS
index and components online at http://rammb.cira.
colostate.edu/projects/MCSIndex/mcsindex.asp) to understand when a certain term is dominant.
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