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Summary
An example implementation of a hierarchical cluster analysis and cross-correlations of
selected CPUE indices for the SEDAR 54 assessment was conducted to identify conflicting
information among CPUE indices. Hierarchical cluster analysis identified two groupings of timeseries. The first group was characterized by time-series which were highly correlated with each
other and which had some highly negative correlations with some time-series not included in the
group. The second group was characterized by time-series which were less highly correlated with
each other or were slightly negatively correlated with each other. Because CPUEs with
conflicting information were identified, it may be reasonable to assume that the indices reflect
alternative hypotheses about states of nature and to run scenarios for single or sets of indices
identified that represent a common hypothesis as alternative sates of nature. Cross-correlations
identified strong autocorrelation in some CPUE indices over 2 to 3 years, which could indicate a
year-class effect. Cross-correlations also identified strong cross correlation of lagged values of
some CPUE indices (at lags between 2 to 10 years) with the current values of other CPUE
indices, which could indicate that some CPUE indices represent younger age-classes than others.
However, the specific lagged relationships with high correlation were not consistent among the
series.
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Introduction
An example implementation of a hierarchical cluster analysis and cross-correlations of
selected CPUE indices for the SEDAR 54 assessment was conducted to identify conflicting
information among CPUE indices. The methods were adapted from those recently implemented
in an Atlantic shortfin mako assessment conducted by the International Commission for the
Conservation of Atlantic Tunas (ICCAT 2017), and are provided here as an example
implementation of the approach for its possible use within SEDAR.
As noted in the Atlantic shortfin mako assessment (ICCAT 2017): “…it is not uncommon
for CPUE indices to contain conflicting information. However, when CPUE indices are
conflicting, including them in a single assessment (either explicitly or after combining them into
a single index) tends to result in parameter estimates intermediate to what would be obtained
from the data sets individually. Schnute and Hilborn (1993) showed the most likely parameter
values are usually not intermediate but occur at one of the apparent extremes. Including
conflicting indices in a stock assessment scenario may also result in residuals not being
identically and independently distributed (IID) and so procedures such as the bootstrap cannot be
used to estimate parameter uncertainty. Consequently, when CPUEs with conflicting information
are identified, an alternative is to assume that indices reflect hypotheses about states of nature
and to run scenarios for single or sets of indices that represent a common hypothesis…”

Data Analysis
CPUE indices were evaluated for conflicting information for the combined Gulf of
Mexico and South Atlantic (GOMSA) region. The agreed CPUE indices were evaluated for
consistency with the average trend of the combined GOMSA indices based on a smoother fitted
to year with series as a factor. Time series of residuals from the smooth fit to the agreed indices
were evaluated in the combined GOMSA. Pairwise scatter plots for agreed indices were
evaluated to identify correlations and high leverage points among indices. A hierarchical cluster
analysis (Murtagh and Legendre, 2014) was used to group the agreed indices based on their
correlations. Cross-correlations between agreed indices (i.e., the correlations between series
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when each series is lagged by up to 10 years) were evaluated to identify lagged correlations (e.g.,
due to year-class effects).

Results
The CPUE time series are plotted in Figure 1, along with a smoother fitted to CPUE each
year using a general additive model (GAM) to compare trends for Gulf of Mexico and South
Atlantic combined, GOMSA. The overall trend for the indices is an initial decrease, a more
dramatic decrease beginning in the late 1980s through the 1990s, and an increase in the 2000s
continuing through the most recent years.
Residuals from the smoother fits to CPUE are compared in Figure 2 to look at deviations
from the overall trends. This allows conflicts between indices (e.g. highlighted by patterns in the
residuals) to be identified. For example, in both the NMFS-LL-SE and NMFS-NE time-series,
there is a series of negative residuals followed by a series of positive residuals indicating that
these time-series do not follow the overall trend, and provide evidence of a more rapidly
increasing trend in the stock trajectory in recent years than the overall trend. Similarly, in the
PLL-OP and SEAMAP-LL-SE time-series, there is a series of positive residuals followed by a
series of negative residuals indicating that these series also do not follow the overall trend, but
that, in contrast, these series provide evidence of a more gradually increasing trend in the stock
trajectory in recent years than the overall trend.
Correlations between indices are evaluated in Figure 3. The lower triangle shows the
pairwise scatter plots between indices with a regression line, the upper triangle provides the
correlation coefficients, and the diagonal provides the range of observations. A single influential
point may cause a strong spurious correlation, so it is important to look at the plots as well as the
correlation coefficients. Also, a strong correlation could be found by chance if two series only
overlap for a few years.
A hierarchical cluster analysis implemented for the indices using a set of dissimilarities is
provided in Figure 4. If indices represent the same stock components, then it is reasonable to
expect them to be correlated. If indices are not correlated or are negatively correlated, i.e. they
show conflicting trends, then this may result in poor fits to the data and bias in the parameter
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estimates obtained within a stock assessment model. Therefore, the correlations can be used to
select groups of indices that represent a common hypothesis about the evolution of the stock
(ICCAT 2017).
The hierarchical cluster analysis identified two groupings of time-series. The first group
included VA-LL, NMFS-LL-SE, BLLOP-2 and NMFS-NE and was characterized by time-series
which were highly correlated with each other and which had some highly negative correlations
with some time-series not included in the group. The second group included BLLOP-1,
COASTSPAN-NE-LL, LPS, PLL-OP, SCDNR-Red-dr, COASTSPAN-SE-LL, and SEAMAPLL-SE, and was characterized by time-series which were less highly correlated with each other
or were slightly negatively correlated with each other.
Cross-correlations are plotted in Figure 5. The diagonals show the autocorrelations of an
index lagged against itself by -10 to 10 years. The upper and lower triangles show the lagged
correlation of the rows (i.e., the row lagged by -10 to 10 years) with the current value of the
column.
Strong negative and positive autocorrelations over 2 to 3 years were identified for
COASTSPAN SE LL, LPS, NMFS LL SE, PLL OP, and VA LL. Strong positive correlations
were identified between lagged values of COASTSPAN SE LL (at lags between 2 to 10 years)
and current values of LPS, NMFS LL SE, PLL OP, and VA LL.

Discussion
The hierarchical cluster analysis identified two groupings of time-series. Consequently,
CPUEs with conflicting information were identified, and it may be reasonable to assume that the
indices reflect alternative hypotheses about states of nature and to run scenarios for single or sets
of indices identified that represent a common hypothesis.
Cross-correlations identified strong negative and positive autocorrelation in some indices
over 2 to 3 years, which could indicate a year-class effect. Cross-correlations also identified
strong cross correlation of lagged values of some indices (at lags between 2 to 10 years) with the
current values of other indices, which could indicate that some indices reflect younger age-
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classes than others. However, the specific lagged relationships with high correlation were not
consistent among the series.
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Table 1. CPUE indices obtained for the SEDAR 54 assessment for the combined Gulf of
Mexico and South Atlantic (GOMSA) region.
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Figure 1. Smooth fit to CPUE indices obtained for the SEDAR 54 assessment for the combined
Gulf of Mexico and South Atlantic (GOMSA) region. Points are the CPUE indices, continuous
black lines are the smoother showing the average trend for the combined GOMSA region (i.e.
GAM fitted to year with series as a factor). X-axis is time, Y-axes are the scaled indices.
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Figure 2. Residuals of the smooth fit to CPUE indices obtained for the SEDAR 54 assessment
for the combined Gulf of Mexico and South Atlantic (GOMSA) region. Points are residuals of
the scaled CPUE indices to the average trend for the combined GOMSA region (Figure 1). Xaxis is time, Y-axes are residuals of the scaled indices.
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Figure 3. Pairwise scatter plots of CPUE indices obtained for the SEDAR 54 assessment for the
combined Gulf of Mexico and South Atlantic (GOMSA) region. X- and Y-axis are indices.
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Figure 4. Correlation matrix for CPUE indices obtained for the SEDAR 54 assessment for the
combined Gulf of Mexico and South Atlantic (GOMSA) region. Blue indicates positive and red
negative correlations. The order of the indices and the rectangular boxes are chosen based on a
hierarchical cluster analysis using a set of dissimilarities.
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Figure 5. Cross-correlations between CPUE indices obtained for the SEDAR 54 assessment for
the combined Gulf of Mexico and South Atlantic (GOMSA) region. X-axis is the crosscorrelation at each lag, and Y-axis is cross-correlation lag number.
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