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Abstract We apply discriminant analysis to 1023 active regions and their subsurface-flow
parameters, such as vorticity and kinetic helicity density, with the goal of distinguishing be-
tween flaring and non-flaring active regions. We derive synoptic subsurface flows by analyz-
ing GONG high-resolution Doppler data with ring-diagram analysis. We include magnetic-
flux values in the discriminant analysis derived from NSO Kitt Peak and SOLIS synoptic
maps binned to the same spatial scale as the helioseismic analysis. For each active region, we
determine the flare information from GOES and include all flares within 60° central merid-
ian distance to match the coverage of the ring-diagram analysis. The subsurface-flow char-
acteristics improve the ability to distinguish between flaring and non-flaring active regions.
For the C- and M-class flare category, the most important subsurface parameter is the so-
called structure vorticity, which estimates the horizontal gradient of the horizontal-vorticity
components. The no-event skill score, which measures the improvement over predicting that
no events occur, reaches 0.48 for C-class flares and 0.32 for M-class flares, when the struc-
ture vorticity at three depths combined with total magnetic flux are used. The contributions
come mainly from shallow layers within about 2 Mm of the surface and layers deeper than
about 7 Mm.
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1. Introduction

Previous studies have shown that the flare activity of active regions is associated with
the vorticity of subsurface flows on temporal and spatial scales comparable to the size
and lifetime of active regions (Ferguson et al., 2009; Komm and Hill, 2009; Mason et
al., 2006). In this study, we further explore the relation between surface magnetic flux
of the Sun and solar subsurface-flow vorticity for flaring and non-flaring active regions.
We analyze synoptic maps focusing on the average behavior of active regions. Highly
non-potential magnetic fields are very probably responsible for strong eruptive phenomena
such as flares and coronal mass ejections (CME). Many new parameters based on surface
magnetic-field measurements are considered as flare-forecasting criteria (Abramenko, 2005;
McAteer, Gallagher, and Ireland, 2005; Cui et al., 2006; Georgoulis and Rust, 2007;
Leka and Barnes, 2007; Schrijver, 2007). Barnes and Leka (2008) made a quantitative com-
parison of these results by applying the published techniques to a common data set. They
found that these parameters show only modest improvements over climatological or uniform
forecasts when comparing skill scores to account for the low rate of flare events. Falconer et
al. (2009) found that flare-productive active regions are located on a straight line in a phase-
space diagram of the total free energy of the magnetic field and the total magnetic flux, and
they concluded that the input of free energy via convection in and below the photosphere
balances the loss of free energy via CMEs and flares.

Flows below the solar surface are accessible with the techniques of local helioseismology,
which are currently the only way to measure anything related to active regions below the
solar surface (see Gizon and Birch, 2005, for a review). The twist of subsurface flows might
serve as a proxy for the twist of magnetic-flux tubes below the solar surface because either
the flows have to respond to the presence of magnetic fields or the fields are being pushed and
twisted by subsurface turbulent flows. A plausible physical connection between subsurface
flows and flare activity is that the non-potential nature of flux tubes results from the kinetic
helicity of turbulent subsurface flows, as studied in numerical models by Longcope, Fisher,
and Pevtsov (1998).

The question remains whether the measured vorticity of subsurface flows contains
sufficient additional information that can be used to identify potentially dangerous ac-
tive regions. In this study, we apply statistical tests based on linear discriminant analy-
sis (Kendall, Stuart, and Ord, 1983) to several subsurface-flow parameters with the goal
of differentiating between flaring and non-flaring active regions. Some preliminary results
of this analysis have been reported by Ferguson et al. (2009). Other simple tests have
been performed on the same data set (Komm and Hill, 2009). The vorticity of subsur-
face flows has been studied before (Braun, Birch, and Lindsey, 2004; Komm et al., 2004;
Zhao and Kosovichev, 2004), but Mason et al. (2006) performed the first large statistical sur-
vey of flare-producing active regions and their subsurface plasma-flow complexity. The data
set now consists of 1023 active regions and their subsurface flow measurements derived from
Global Oscillation Network Group (GONG) data using ring-diagram analysis. This data set
includes flaring as well as non-flaring active regions. The flux values were derived from
NSO Kitt Peak and SOLIS synoptic maps and the level of flare activity is characterized by
individual X-ray flare classes reported from the Geostationary Operational Environmental
Satellite (GOES). In this study, we focus on synoptic flow parameters and thus on the aver-
age behavior of active regions. We investigate how well single subsurface parameters work
for classifying flaring and non-flaring active regions, and which subsurface layers work best,
with a goal of determining an optimum set of subsurface parameters.
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2. Data and Analysis

2.1. Subsurface Flow Measurements

We analyze observations obtained during 81 Carrington Rotations CR 1979 – 2059 (27
July 2001 – 13 August 2007) for which we have high-resolution full-disk Doppler data
from the GONG network (http://gong.nso.edu/data). We determine the horizontal compo-
nents of solar subsurface flows with a ring-diagram analysis using the dense-pack tech-
nique (Haber et al., 2002) adapted to GONG++ data (Corbard et al., 2003). The full-
disk Doppler images are divided into 189 overlapping regions with centers spaced by
7.5◦ ranging over ±52.5◦ in latitude and central meridian distance (CMD). Each region
is apodized with a circular function reducing the effective diameter to 15◦ before calcu-
lating three-dimensional power spectra. We derive daily flow maps of horizontal veloci-
ties from the 189 dense-pack patches. For this study, we combine them to form synoptic
flow maps at 16 depths from 0.6 to 16 Mm. We also estimate the vertical-velocity compo-
nent from the divergence of horizontal flows using mass conservation (Komm et al., 2004;
Komm, 2007). To focus on the spatial variation of the flows, we remove the large-scale
trends in latitude of the differential rotation and the meridional flows and calculate residual
synoptic flow maps by subtracting a low-order polynomial fit in latitude of the longitudinal
average of the flows for each Carrington rotation (Komm et al., 2004, 2005).

In this study, we examine vorticity [ω] which is a vector quantity and kinetic helicity
density [h] which is a scalar that correspond to changing orientation in space of fluid par-
ticles and are thus quantities associated with mixing and turbulence (see Lesieur, 1987, for
example). The vorticity vector is defined as the curl of the velocity vector [v]:

ω = ∇ × v (1)

and the kinetic helicity density is defined as the scalar product of the velocity and vorticity
vector:

h = ω · v. (2)

Komm (2007) discusses these topics in more detail. In maps of flow vorticity, most active
regions show a “dipolar” pattern in the zonal and meridional vorticity components (Komm
and Hill, 2009). These patterns are most pronounced in strong active regions that produce
flares. We quantify this dipolar pattern for each active region and derive a so-called structure
component of vorticity [ωs] (Mason et al., 2006). For each active region, a swath cover-
ing two dense-pack regions is used along the anticipated vorticity dipole for the zonal and
meridional components. For the zonal-vorticity component, the minimum value from the
southern half of the swath is subtracted from the maximum value in the northern half. For
the meridional-vorticity component, the minimum value from the eastern half is subtracted
from the maximum value in the western. The resulting differences in ωx and ωy are added
to obtain ωs. If the flows within an active region show a dipolar structure of this orienta-
tion, the value of ωs will be of the same order as the sum of ωx and ωy . Negative values
indicate that the direction of the dipole is reversed and values close to zero indicate that
there is no such pattern. This quantity can be interpreted as the magnitude of the gradient
of the horizontal-vorticity components across an active region on the dense-pack grid. The
vertical contribution to the helicity scalar [hz] is also of interest since it might be related to
the footpoint motion of magnetic-flux tubes. We include hz separately from the helicity be-
cause the helicity is dominated by the other two contributions when derived on dense-pack
scales (Komm, 2007).

http://gong.nso.edu/data
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As a measure of solar activity, we use the NSO Kitt Peak synoptic maps (http://nsokp.nso.
edu/dataarch.html) and the NSO SOLIS synoptic maps (http://solis.nso.edu/solis_data.html).
The SOLIS synoptic maps have been calibrated to ensure compatibility with Kitt Peak syn-
optic maps (Jones et al., 2004; Henney and SOLIS Team, 2007). We convert the magne-
togram data to absolute values and bin them into circular areas with 15◦ diameter centered
on a grid with 7.5◦ spacing in latitude and longitude to match the dense-pack mosaic. As in
Mason et al. (2006), active regions are identified in magnetograms using the NOAA active
region numbers listed in the Active Region Monitor at NASA Goddard Space Flight Center’s
Solar Data Analysis Center (SDAC) (http://www.solarmonitor.org). Circular masks are drawn
manually on the magnetic synoptic maps to fully enclose each active region. Applying these
masks to the synoptic maps of flux, vorticity, and kinetic helicity density, we determine the
total and the maximum values of each quantity using the values on all dense-pack grid points
within each mask. The maximum values might not be robust due to fluctuations produced
by noise. However, averaging used to create synoptic maps should reduce the influence of
noise on the results. The X-ray flare activity of each active region during its disk passage is
determined using data from the Geostationary Operational Environmental Satellite (GOES)
(http://www.ngdc.noaa.gov/stp/SOLAR/ftpsolarflares.html#xray). We include all flares within
60◦ CMD to match the coverage of the dense-pack analysis.

Our data sets consist of a total of 1023 active regions with 521 regions (50.9%) pro-
ducing at least C-class flares. More energetic flares are rare by comparison; 177 regions
(17.3%) produce M-class or stronger flares and only 30 regions (2.9%) produce X-class
flares. A given active region might produce flares in all three categories. For each active
region, we analyze the maximum and total values of the three components of the vorticity
vector [ωx,ωy,ωz], the size of the vorticity, as represented by the enstrophy [ω2], and the
structure vorticity [ωs]. In addition, we use the helicity scalar [h] and the vertical contribu-
tion to helicity [hz].

2.2. Discriminant Analysis

The goal of discriminant analysis is to classify a new object as belonging to one of (at least)
two mutually exclusive populations in order to maximize the rate of correct classifications.
It can consider multiple variables simultaneously and help determine which factors are the
most important (Kendall, Stuart, and Ord, 1983). In our case, the two populations are active
regions that either do or do not produce a flare during their disk passage. Parameters used are
the depth-independent total and maximum values of magnetic flux, and the depth-dependent
total and maximum values of all vorticity components and kinetic helicity density yielding
226 parameters.

Discriminant analysis uses an estimate of the probability-density function for each pop-
ulation to determine the population to which a new measurement is most likely to belong.
The discriminant boundary occurs where there is equal probability of belonging to each
population; the boundary thus indicates a 50% probability forecast. In its simplest form,
the probability-density function of each variable is assumed to have a Gaussian distribu-
tion, and the mean and standard deviation are estimated from the data; when the covariance
matrices for the two populations are also assumed to be equal, the discriminant function is
linear in all variables. Leka and Barnes (2007) found that the results of discriminant analy-
sis for flare prediction from photospheric magnetic-field observations tend not to be very
sensitive to assumptions about the functional form of the probability density. Further, using
a nonparametric estimate for the probability density is likely to improve the classifications
if the distributions are non-Gaussian. Thus the results presented here are all based on lin-
ear discriminant analysis, but may be improved with more sophisticated analysis. Figure 1

http://nsokp.nso.edu/dataarch.html
http://nsokp.nso.edu/dataarch.html
http://solis.nso.edu/solis_data.html
http://www.solarmonitor.org
http://www.ngdc.noaa.gov/stp/SOLAR/ftpsolarflares.html#xray
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Figure 1 Discriminant analysis
of maximum surface flux and
structure vorticity at a depth of
11 Mm, used to distinguish
between flare-producing active
regions (red diamonds) and
non-flaring regions (black
crosses) for regions that produce
at least C-class (top), M-class
(middle), and X-class flares
(bottom). The large (cyan) circles
indicate the mean values of the
two populations. Active regions
above and to the right of the
discriminant line are predicted to
flare, regions below are not.
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shows an example of using two variables to discriminate on flare productivity for C-, M-,
and X-class flares.

To determine how successful a discriminant function is in classifying new active regions,
we calculate a 2 × 2 classification table. With N total data points, the first row lists the
number of flare-producing active regions that are predicted to flare, n11 (number of hits),
and that are predicted not to flare, n12 (number of missed events). The second row lists
the number of non-flaring active regions which are predicted to flare, n21 (number of false
alarms), and that are predicted not to flare, n22 (number of correct nulls). This allows us to
calculate the success rate as the number of correct predictions divided by the total number
of active regions:

r = n11 + n22

n11 + n12 + n21 + n22
= n11 + n22

N
(3)

which can range between zero and one. In the case of rare events, such as M- and X-class
flares, it is easy to get a high success rate by simply assuming that no event will occur.
Even a method that would produce a perfect forecast will improve on the success rate of this
“prediction” by a very small amount. For this reason, we also calculate general skill scores,
which measure the relative performance with respect to a reference forecast:

s = (n11 + n22) − Nref

N − Nref
, (4)

where Nref is the value of the reference forecast. Two commonly used skill scores are the one
relative to uniform forecasts of always predicting that no event will occur and to forecasts
that are correct by chance. With Nref = n21 + n22, the no-event skill score is defined as the
difference between the number of hits and the number of false alarms divided by the number
of events:

sno = (n11 + n22) − (n21 + n22)

N − (n21 + n22)
= n11 − n21

n11 + n12
. (5)

Positive values indicate an improvement over the reference forecasts with a skill score of
one for a perfect classification, while a negative value indicates that the no-event prediction
is better. We mainly use the no-event skill score for the binary classifications in this study.
A similar skill score can be constructed for probability forecasts to measure improvements
over climatology, which always predicts the same probability ([n11 + n12]/N ) of an event
occurring (e.g. Balch, 2008).

We expect that a certain number of classifications would be correct by chance. The num-
ber of correct forecasts by chance is:

Nchance = 1

N

[
(n11 + n12)(n11 + n21) + (n12 + n22)(n21 + n22)

]
, (6)

where the first term describes the number of correct forecasts of events by chance and the
second term describes the number of correct no-event predictions by chance (see Balch,
2008, for a review). The Heidke skill score, or the skill score relative to correct forecasts by
chance, is then defined as:

sH = (n11 + n22) − Nchance

N − Nchance
. (7)

Positive values indicate an improvement with a skill score of one for a perfect classification.
A value of zero implies that the classifications are no better than chance. In this case, the
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reference model depends on the method under consideration (Equation (6)). The Heidke
skill score provides complementary information to the no-event skill score. It determines if
a classification result is better than could be expected by chance, while the no-event skill
score determines whether a given parameter is useful as a classification tool.

To construct an unbiased classification table, we use a leave-one-out technique removing
one object from the samples and classifying the excluded point by a discriminant analysis of
the remaining objects (Hills, 1966). This procedure is then repeated excluding each object
in turn. More details about the linear discriminant analysis, as used here, can be found in
Leka and Barnes (2007).

3. Results

3.1. Single Subsurface Parameter

First, we examine how well vorticity and kinetic helicity perform at different depths and
compare the results with that of maximum and total magnetic flux, to see where the greatest
improvements occur. For the C-class flare threshold (Figure 2), we show, as an example, the
rate of correct classification and the no-event and the Heidke skill score for the structure
vorticity as a function of depth. In this case, the structure vorticity is better at classifying
flaring and non-flaring regions than a no-event prediction (r = 0.491) and the skill scores
track each other, which is to be expected since the two sample sizes are approximately the
same size. The skill-score values are greater than approximately 0.1 at all depths, but even
the highest no-event skill scores from applying linear discriminant analysis to the structure
vorticity measured between 7 and 10 Mm depth are smaller than those of the magnetic
measures.

For the M-class flare threshold (Figure 3), the structure vorticity at all depths leads to
positive skill scores, indicating that it is better at classifying flaring and non-flaring regions
than a no-event prediction. The Heidke skill score is generally much larger than the no-event

Figure 2 The rate of correct classification of the C-class threshold category (left) using maximum structure
vorticity (filled circles) compared to using total flux (solid) or maximum flux (long-dashed). The correspond-
ing skill score (right) measures the performance of vorticity compared to a no-event prediction (filled circles)
compared to the skill score of total flux (blue solid) or maximum flux (blue long-dashed). For comparison,
we include the Heidke skill score for structure vorticity (open circle) and total flux (red dashed) or maximum
flux (red dot-dashed). The multiple horizontal lines are almost indistinguishable.
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Figure 3 The rate of correct classification of the M-class threshold category (left) using maximum structure
vorticity (filled circles) compared to using total flux (solid) or maximum flux (long-dashed). The correspond-
ing skill score (right) measures the performance compared to a no-event prediction (filled circles) compared
to the skill score of total flux (blue solid) or maximum flux (blue long-dashed). For comparison, we include
the Heidke skill score for structure vorticity (open circle) and total flux (red dashed) or maximum flux (red
dot-dashed).

skill score at each depth, which is a result of the much smaller sample of flaring regions. At
depths of 7 Mm and deeper, linear discriminant analysis applied to the structure vorticity
leads to higher classification rates, and a higher no-event skill score than either magnetic
measure. The best depths for the structure vorticity are 7 to 10 Mm, with the maximum
no-event skill score being sno = 0.232, compared to sno = 0.141 for the total flux.

With the large number of variables being considered, one must be aware of the possibility
of obtaining a non-zero skill score through chance alone. Therefore, a numerical experiment
was performed, in which pairs of samples were randomly drawn from the same Gaussian
distribution. Discriminant analysis was applied to these samples, and the distribution of the
resulting skill scores was analyzed. For the same sample sizes as the C-class flare thresh-
old, it was found that the probability of producing a skill score of 0.1 or larger was less
than 1%. Thus it is likely that the maximum structure vorticity measured at any depth con-
tains some information about whether an active region will produce C-class or larger flares.
For the same sample sizes as the M-class flare threshold, it was found that the probability
of producing any non-zero skill score was less than 1%. Thus it is likely that the maximum
structure vorticity measured at any depth also contains some information about whether an
active region will produce M-class or larger flares.

For the X-class threshold (Figure 4), the structure vorticity measured at depths from
1 – 6 Mm leads to higher classification rates and no-event skill scores than the magnetic
measures. But, the highest no-event skill scores are still negative. While the large Heidke
skill scores imply that these classifications are not due to chance, the consistently negative
skill scores result from the assumption of a Gaussian distribution not being met. In particular,
the distribution of the structure vorticity for no-event regions has a relatively long positive
tail which is not well represented by a Gaussian. For classification of X-threshold events to
result in positive skill scores, it is necessary to accurately represent this tail.

We repeat the same analysis for all parameters and determine the depth with the largest
no-event skill score for each parameter. Figure 5 shows the results for the maximum and the
total values of single subsurface parameters. For the C-class threshold, the parameters reach
no-event skill scores greater than zero at most depths (crosses). Exceptions are the maximum
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Figure 4 The rate of correct classification of the X-class category (left) using maximum-structure vorticity
(filled circles) compared to using total flux (solid) or maximum flux (long-dashed). The corresponding skill
score (right) measures the performance compared to a no-event prediction (filled circles) compared to the skill
score of total flux (blue solid) or maximum flux (blue long-dashed). For comparison, we include the Heidke
skill score for structure vorticity (open circle) and total flux (red dashed) or maximum flux (red dot-dashed).

and total structure vorticity at 2 and 4 Mm and the maximum values of the vertical-vorticity
and helicity contributions, ωz and hz at depths between 2 and 6 Mm (no symbols). All skill
scores of the subsurface parameters are smaller than the ones of total or maximum flux, as
in the example of Figure 2. The largest skill scores occur for parameters measured near the
surface or at greater depth (blue or red squares).

For the M-class flare category, the parameters reach no-event skill scores greater than
zero at most depths. Exceptions are again the vertical-vorticity and helicity contributions,
as in the case of the C-class category. When using maximum values (left), three parame-
ters, the zonal-vorticity component [ωx ], the enstrophy [ω2], and the structure vorticity [ωs],
are better at separating flaring from non-flaring regions than both magnetic-flux measures
at several depths (filled circles). When using total values (right), the helicity is the fourth
parameter in addition to the three other ones that produce higher no-event skill scores than
the magnetic measures. The largest skill scores occur mainly from parameters measured
at depths of 7 Mm and below. The highest skill score of sno = 0.232 is reached by using
the structure vorticity measured at depths of 8 and 10 Mm (see Figure 3). With 177 active
regions producing M-class flares, this skill score implies that 16 additional regions are cor-
rectly classified compared to a skill score of sno = 0.141 for total flux and that 41 regions
are correctly classified compared to a no-event forecast.

For the X-class flare category, we find that there is no single subsurface parameter that
results in a positive no-event skill score. Most subsurface parameters have some depths
where they will be better at classifying the data set than does the total or maximum magnetic
flux. However, even the best-performing parameters (enstrophy) lead to negative no-event
skill scores as in Figure 4. This confirms the earlier statement that the assumptions of linear
discriminant analysis are violated; the distributions are highly non-Gaussian. For the rest of
this study, we will focus on C- and M-class flare activity and use only the no-event skill
score, since the Heidke skill score tracks it quite well.

3.2. Combinations of Subsurface and Magnetic Parameters

Next, we determine whether combining a magnetic with a subsurface parameter improves
the skill. We perform the discriminant analysis for all subsurface parameters and determine
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Figure 5 The no-event skill score as a function of depth for maximum (left) and total value (right) of sub-
surface parameters for C-class (top) and M-class category (bottom) indicating positive skill scores smaller
than the ones of both magnetic flux measures (crosses: good), and positive skill scores greater than the ones
of both flux measures (filled circles: best). No symbols are plotted for negative skill scores (bad). Square
symbols indicate the depth of the maximum skill score; color indicates depth ranges (blue: 0.6 – 2.0 Mm,
black: 3.1 – 5.8 Mm, red: 7.1 – 15.8 Mm).

the depth with the largest no-event skill score for each parameter. Figure 6 shows the results
for the maximum values of the parameters. For the C-class category, the two-parameter com-
binations lead to higher classification rates and skill scores than the subsurface parameters
alone. However, the combined use of a subsurface parameter with magnetic flux is barely
better than a magnetic parameter alone. The combination of total flux with structure vorticity
leads to the highest skill score of sno = 0.478 compared to combining total and maximum
flux with sno = 0.464. The largest skill scores occur for subsurface parameters measured
near the surface or at greater depth (blue or red symbols); see Section 4.

For the M-class category, the two-parameter combinations with total flux lead to higher
classification rates and skill scores than either the magnetic or subsurface parameters alone.
The maximum-flux combinations lead to better values than the subsurface parameters alone
but they are not always better than magnetic measures alone. The highest skill score of
sno = 0.260 is reached by combining structure vorticity with total flux (see Figures 3 and 5).
The number of incorrectly classified active regions decreases to 131 compared to 136 when
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Figure 6 The highest correct classification rate (left) and the highest no-event skill score (right) for each
subsurface flow parameter using maximum values combined with total flux (squares) or maximum flux (di-
amonds) for C-class (top) and M-class categories (bottom). For comparison, we include the values of single
subsurface parameters (circles), total flux (dashed), maximum flux (dot-dashed), and the combination of both
magnetic measures (dotted) as well as the rate of predicting that no events occur (solid). The colors indicate
depth ranges (blue: 0.6 – 2.0 Mm, black: 3.1 – 5.8 Mm, red: 7.1 – 15.8 Mm).

using structure vorticity alone. However, the other two-parameter combinations fail to im-
prove upon the best single parameters.

Figure 7 shows the same as Figure 6 for the total subsurface parameters. This leads to
similar results as for the maximum values. For the C-class category, the best skill scores
are reached by combining maximum magnetic flux with total zonal or meridional vorticity
components [ωx and ωy ] but they are slightly lower than the results of combining maximum
structure vorticity and total flux (Figure 6). For the M-class category, the largest skill scores
are reached by combining total flux with total enstrophy for a skill score of sno = 0.237.
This is smaller than the skill score reached by combining maximum structure vorticity with
total flux (Figure 6) but larger than every other two-parameter combination. We confirm
that including maximum structure vorticity enhances the ability to discriminate between the
flaring and non-flaring populations for the C- and M-class thresholds.

Note that the results of combining the magnetic parameters for the M-class flare cate-
gory results in a lower success rate and skill score than the total magnetic flux considered
alone (e.g. Figure 6). As in the X-flare threshold case, this suggests that the assumption
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Figure 7 The highest correct classification rate (left) and the highest no-event skill score (right) for each
subsurface flow parameter using total values combined with total flux (squares) or maximum flux (diamonds)
for C-class (top) and M-class categories (bottom). For comparison, we include the values of single subsurface
parameters (circles), total flux (dashed), maximum flux (dot-dashed), and the combination of both magnetic
measures (dotted) as well as the rate of predicting that no events occur (solid). The colors indicate depth
ranges (blue: 0.6 – 2.0 Mm, black: 3.1 – 5.8 Mm, red: 7.1 – 15.8 Mm).

of Gaussian distribution for the variables does not hold, as combining variables should not
lead to less information than the variables considered alone, provided that the assumptions
are correct.

3.3. Multiple Subsurface Parameters

Does increasing the number of subsurface parameters improve the classification of flaring
and non-flaring active regions? We calculate all combinations of two subsurface plus total
magnetic-flux (2 + 1) parameters for the 14 subsurface parameters (maximum and total
value) at 16 depths. We calculate the skill scores as a function of depth for each of the 14×14
combinations and find that for the C-class category the highest skill score is sno = 0.476
when combining maximum structure vorticity at 1.2 and 7.1 Mm. For the M-class category,
the best-performing 2 + 1 parameter combination with a skill score of sno = 0.294 is the
combination of maximum structure vorticity at 10.2 and 15.8 Mm. This skill score is larger
than the best pair of a single subsurface and magnetic parameter which means that adding
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Figure 8 The average no-event skill score calculated over the 14 maximum skill scores of all 2 + 1 com-
binations that include the indicated parameter, for the C-class (left) and M-class (right) thresholds. The top
(bottom) label indicates the total (maximum) value of the parameter shown. The error bars indicate the stan-
dard deviation.

a second subsurface parameter can improve the classification. For both flare thresholds, the
well-performing parameters lead to high skill scores with almost all other parameters, while
low-skill parameters lead to low values with most parameters except the well-performing
ones. As a consequence, we can rank the subsurface parameters by determining the average
skill scores that are calculated over the 14 maximum skill scores of all 2 + 1 combinations
that include a given parameter (Figure 8). The maximum structure vorticity is on average
the best-performing parameter for both flare categories. The standard deviation is small
indicating that this quantity consistently leads to high skill scores. The vertical-vorticity
component leads to the smallest skill scores with large standard deviations.

Now, we use multiple depths of the best-performing parameter, maximum structure vor-
ticity, to check whether adding more depths improves the classification. In Table 1, we in-
clude the total enstrophy as an example of a well-performing parameter. For the C-class
category, the combination of three depths of structure vorticity with total flux leads to the
highest skill score of sno = 0.480. The three depths cover near-surface and deeper layers.
The result is marginally better than the 2 + 1 parameter combination discussed above. For
the M-class category, the combination of three depths of structure vorticity with total flux
leads to the highest skill score of sno = 0.316 which is better than any 2 + 1 combination
discussed above. Again, the three depths cover shallow and deeper layers. For total enstro-
phy, the maximum skill score is reached for the combination of two or three depths with a
magnetic measure. However, the largest skill scores achieved by using total enstrophy are
smaller than those using structure vorticity. These results suggest that the variation with
depth of the subsurface parameters contains additional information and that a small number
of parameters leads to the best results in linear discriminant analysis. The information comes
mainly from deep and shallow layers and less from intermediate depths.

Finally, we see whether increasing the number of subsurface parameters beyond four
improves the classification of flaring and non-flaring active regions. Since the number of
subsurface parameters is large [224], it is challenging to calculate all combinations for large
numbers of parameters and depths. As an alternate search strategy, we use a “step-up” pro-
cedure (Klecka, 1980), starting with the best-performing combination of a subsurface and
a magnetic parameter for each flare class. We then add a third parameter and perform the
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Table 1 The no-event skill score [the number of correctly classified flaring active regions (number of hits)]
and the depths as a function of the number of subsurface parameters used. Top: total enstrophy [ω2] and
maximum structure vorticity [ωs ] for the C-class category (521 flaring active regions), Bottom: the same for
the M-class category (177 flaring active regions). A magnetic measure included in the analysis is indicated
by +1 in the first column (total flux was used except for enstrophy in the C-class category). The skill score
[sno] together with the number of hits [n11], the number of events, and the number of non-events, describes
the information contained in the 2 × 2 classification tables.

N skill score number of hits depth (Mm)

ω2 |ωs| ω2 |ωs| ω2 |ωs|

C-class category

1+0 0.413 0.382 281 290 0.6 8.5

2+0 0.422 0.403 285 282 0.6, 2.0 0.6, 8.5

1+1 0.453 0.478 327 319 0.9 8.5

2+1 0.464 0.476 340 319 0.9, 8.5 1.2, 7.1

3+1 0.470 0.480 343 318 0.9, 1.7, 8.5 1.5, 1.7, 8.5

4+1 0.476 0.480 340 331 0.9, 2.0, 3.1, 7.1 1.5, 5.8, 8.5 14.3

16+1 0.459 0.440 345 323 all all

M-class category

1+0 0.215 0.232 50 64 1.2 7.1 (10.2)

2+0 0.243 0.243 54 65 1.2, 3.1 0.9, 10.2

1+1 0.237 0.260 62 69 1.2 10.2

2+1 0.266 0.294 65 74 1.2, 3.1 10.2, 15.8

3+1 0.260 0.316 65 79 0.9, 3.1, 5.8 2.0, 10.2, 11.6

4+1 0.260 0.316 69 79 0.9, 1.7, 3.1, 5.8 2.0, 4.4, 10.2, 11.6

16+1 0.226 0.237 66 71 all all

Figure 9 The no-event skill
score as a function of the number
of parameters used for the
C-class (diamonds) and M-class
(filled circles) thresholds. The
single parameter value is the
magnetic-flux value. The dotted
lines indicate the maximum skill
score for each flare class.

discriminant analysis. We repeat this for all possible choices for the third parameter and
determine the best-performing combination of three parameters. Next, we add a fourth para-
meter to the three-parameter combination and repeat the process. In this way, we add more
and more parameters.

Figure 9 shows the resulting skill scores as a function of the number of parameters used.
The number of parameters and the sample sizes result in non-unique combinations which



Subsurface Vorticity of Flaring versus Flare-Quiet Active Regions 403

Table 2 The no-event skill score
and the number of correctly
classified flaring active regions
(number of hits) as a function of
the number of parameters used in
a discriminant analysis shown for
the C-class category (521 flaring
active regions) and the M-class
category (177 flaring active
regions). The result of the best
magnetic measure (1 B) is
included as baseline.

N no-event skill score number of hits

C class M class C class M class

1 B 0.432 0.141 328 61

1 0.413 0.232 281 62

2 0.478 0.260 319 69

5 0.486 0.305 324 74

10 0.493 0.322 326 77

20 0.480 0.316 319 77

return the same skill score. For the C-class flare category, the number of best choices at a
given step remains small (four or fewer) and we can calculate all possibilities. The combina-
tion of four or five parameters leads to a skill score of sno = 0.486, while the ten-parameter
combination results in a slightly larger value of sno = 0.493.

For the M-class category, there is gradual improvement up to five parameters and the
choices are unique. Then, there are 38 parameters that lead to the same skill score when
used as the sixth parameter. We select either the parameter at the greatest depth or the one
closest to the surface. From the seventh to the tenth parameter, the choice of selecting the
parameter at greater depth leads to consistently better skill scores than selecting the parame-
ter at shallower depth. We have unsuccessfully tried a few other possible choices. However,
we cannot rule out that we have missed the optimum combination. The combination of five
parameters leads to a skill score of sno = 0.305, while the ten-parameter combination leads
to a somewhat larger value of sno = 0.322.

For both flare classes using this search strategy, the maximum skill score is reached
with the combination of ten parameters; additional parameters do not provide additional
information. The resulting skill scores are slightly higher than the ones of the 3+1 parameter
combinations in Table 1. There is, of course, no guarantee that the applied search strategy
leads to the best-performing parameter combination. However, the results gives us some
confidence that the available information can be captured with a small number of parameters.

4. Summary and Conclusions

The subsurface-flow characteristics have the ability to distinguish between flaring and non-
flaring active regions when analyzing synoptic data of 1023 active regions with linear dis-
criminant analysis. This agrees with the fact that large values of inferred subsurface twisting
motions occur mainly in active regions that produce energetic flares (Mason et al., 2006;
Komm and Hill, 2009). For C- and M-class flare thresholds, the most important subsurface
parameter is the so-called structure vorticity, which can be interpreted as an estimate of the
horizontal gradient of the horizontal vorticity components. We use the no-event skill score,
which measures the improvement over predicting that no events occur, to determine the
performance of each set of parameters. The highest no-event skill score is 0.48 for C-class
flares and 0.32 for M-class flares, when the structure vorticity at three depths combined
with the total magnetic flux are used. The subsurface vorticity contributions come mainly
from shallow layers within about 2 Mm of the surface and layers deeper than about 7 Mm,
which agrees with previous results indicating three depth regimes with distinct character-
istics (Komm, 2007). The variation with depth of subsurface vorticity is important for the
classification of flaring and non-flaring active regions.
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We speculate that the flows at intermediate depths may produce a less clear signal with
respect to flare productivity as a consequence of overlap of strong flows from different mech-
anisms simultaneously present below active regions. For example, some observational and
theoretical work on emerging-flux systems suggests the presence of strong up-flows and
possibly shearing flows in regions consistent with our deeper layers (Manchester, 2008;
Komm, Howe, and Hill, 2009), and down-flows due to adiabatic expansion near the up-
per layers (Fan, 2001; Schüssler and Rempel, 2005). It can be easily pictured that, while
emerging flux and shearing flows are likely properties of flare-productive active regions, the
dominant signals of the associated mechanisms are prominent at depth and near the surface,
but less distinct in the intermediate layers.

The greater discrimination resulting from structure vorticity compared to the vertical
vorticity is due to noise levels and analysis regions. That is, since the vertical size of the in-
version kernels is small compared to the horizontal size of the dense-pack patches, the zonal
and meridional vorticity are probably better sampled than the vertical vorticity, calculated as
the curl of the horizontal velocity components, and thus potentially less noisy. The presence
of this dipolar pattern captured by the structure vorticity is consistent with the existence
of gradients in the sub-surface plasma flow associated with flare-productive active regions.
We plan to investigate the inferred flow characteristics using smaller patches to quantify the
variation of the signal and the noise in cases using different analysis scales.

For the X-class threshold, the small sample size and non-Gaussian distributions of the
parameters result in skill scores that are systematically negative. This result indicates that
the assumptions needed to justify applying linear discriminant analysis are violated and no
resulting skill score is credible.

Barnes and Leka (2008) analyze magnetic-field data and daily forecasts for an M-class
threshold, comparing different derived parameters published by various authors in order to
make a systematic comparison of different techniques. They find skill scores of sno ≤ 0.16
and conclude that the parameters used show only modest improvements over climatological
forecasts. Our results for the M-class threshold are not directly comparable since we use
synoptic data to classify flaring and non-flaring active regions. Nevertheless, we find a com-
parable skill score of 0.14 using total flux, and find the higher skill scores that result from
including subsurface parameters such as structure vorticity very encouraging.

We have tried to minimize the number of necessary subsurface parameters searching for
an optimum parameter set. Our simple search strategy indicates that about ten parameters
or less are the optimum number for our data sets. This is similar to the results of Leka and
Barnes (2007) who found that about three parameters contain most of the available informa-
tion from the magnetic-field data. The relatively small increase in skill when several para-
meters are used may indicate that parameters are correlated, or may indicate that there is no
additional information contained. Since the inversion kernels used to determine subsurface
flows as a function of depth extend in the radial direction with their widths getting larger
in deeper layers (Birch et al., 2007), flows measured at adjacent depths are not completely
independent, leading to correlations among parameters. The best parameter combinations
include information from shallow and deeper layers which are as uncorrelated as possible.

More work is clearly needed. One task is to better account for regions that are short-lived
in the synoptic data or appear very close to larger active regions and thus are “mixed in”
with the latter’s signals.

A second task is to study the temporal behavior of subsurface flows associated with ac-
tive regions on time scales of one day or shorter in order to measure the evolution of active
regions and their flare activity. This will allow us to more directly compare our subsurface
results with results derived with other methods using magnetic activity at the surface. A pre-
liminary investigation of the timing of flares and changes in subsurface parameters is under
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way (Reinard et al., 2010). Initial results based on daily flow maps are encouraging and
indicate that this method might be useful for flare forecasting.

We plan to investigate the practicality of producing flare forecasts using subsurface vor-
ticity values. An important step will be to evaluate the quality of flow maps derived from
shorter time series. For example, if a continuous time series of eight hours were sufficient,
we could obtain flow maps from data obtained at a single ground-based site, such as one of
the GONG stations. With continuous data available from the GONG program and the SDO
spacecraft, we could then update the subsurface flow information about every four hours.
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