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Canonical Correlation Analysis of Survey
Data: The SurveyCC R Package

by Raul Cruz-Cano, Aaron Cohen, and Erin Mead-Morse

Abstract Classic Canonical Correlation Analysis (CCA) is a popular statistical method that allows
for the analysis of the associations between two sets of variables. However, currently it cannot be
applied following the published methodological documentation to data sets collected using complex
survey design (CSD), which includes factors, such as replicate weights, clusters, and strata, that are
critical for the accurate calculation of the statistical significance of any correlation. To close this gap,
we have developed the Survey CC algorithm and implemented it in an R package. We describe the
theoretical foundations of our algorithm and provide a detailed report of the options of the function
that performs it. Moreover, the application of our newly developed method to several national survey
data sets shows the differences in conclusions that can be reached if the CSD elements are not taken
into consideration during the calculation of the statistical significance of the canonical correlations.

1 Introduction

Classical Canonical Correlation Analysis (CCA) is a popular exploratory statistical method that allows
for the analysis of relationships between two sets of variables, offering several advantages over
other statistical techniques, including the ability to limit the probability of committing Type I errors
when examining more than two variables (Hair et al., 2019). CCA has been applied to diverse fields,
including ecology (Gittins, 2012), neuroscience (Zhuang and Yang, 2020), biomedical imaging (Correa
et al., 2008), human geography (Clark, 1975), effect of work place regulations (Borland et al., 1991),
illicit drug use (Leo and Wulfert, 2013) and tobacco use (Morris et al., 2018).

Current methods for CCA inference and interval estimation, however, depend on simple random
sampling, and are, therefore, inaccurate when data is collected using a complex survey design (CSD).
Or, they are based on methods that cannot be applied following the published CSD methodological
documentation, hence, leading to results without practical significance. To overcome these issues, we
will employ our recently developed, innovative Survey CC method.

Using CCA, investigators study the extent and nature of the correlation between two sets of
variables, X = {Xy,X,..., Xp} and Y = {Y1,Y;,...,Y;} (Hotelling, 1936). As described by (Clark,
1975), without loss of generality, it is assumed that p > g and that each and every variable in X and
Y have been standardized to have a mean zero and a variance equal to one. CCA is used to explore
sample correlations between X and Y observed on the same experimental units by analyzing the
coefficients, A1 = (ay,4a, ..., ar,)T and By = (by,by,..., bq)T, which maximize the correlation between
linear combinations of the variables X and Y subject to Var(XA;) = Var(YBy) = 1.

The “classic” canonical correlation can be defined as (Hotelling, 1936):

CO"U(XAl, YBl)
By
V/Var(XAy) - Var(YBy)

)

p1 = maxy, g, Corr(XAj,YB1) = maxa,,

subject to Var(XA;) = ATXTXA; = BIYTYB; = 1, as described by (Hardoon and Shawe-Taylor,
2011). These linear combinations, U; = XA and V; = YBy, are called the first canonical variates.
Their correlation, py, is the first canonical correlation, and the coefficients A; and By are the first
canonical coefficients.

The first canonical coefficients in each set will help to identify variables from X and Y that are
associated with each other. Variables with a strong positive relationship will have coefficients with
large magnitudes and similar signs (positive or negative), whereas inverse relationships will have
coefficients with opposing signs. The coefficients’ magnitudes are commonly examined to determine
which variables are the most relevant as variables with small coefficients will have weak relationships.

The process can be duplicated to identify the coefficients, A; and By, that maximize the correlation,
p2, subject to Var(XA;) = Var(YB,) = 1, with the additional constraint that the new canonical
variates, U, = XAp and V, = YB,, are uncorrelated with the first pair of canonical variates. This
process can be repeated g times. These secondary canonical correlations are important because not
all the significant relationships that exist among variables can be expressed in the first canonical
correlation.

Many researchers base their conclusions regarding the relationships among the variables examined
in a CCA on the canonical coefficients associated with statistically significant canonical correlations
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(Boedeker and Henson, 2020) (Hill and Lewicki, 1997), hence, tools able to accurately estimate their
p-values are necessary. For example, (Travis and Lagrosen, 2014) limited their conclusions to the
information inferred from the first set of canonical coefficients because only the first canonical corre-
lation had a significant p-value. In (Stowe et al., 1980), three canonical correlations have statistically
significant p-values, hence all three sets of canonical coefficients are studied.

For the sample cross-correlation matrix, (gf;{ gﬁ: ), canonical correlations can be calculated by

finding the descending-ordered square roots of the matrix eigenvalues M = S;%SYXS;&S xy- The
canonical coefficients for Y are the corresponding g eigenvectors, and the elements of eigenvector i are
the canonical coefficients B;. Correlations between canonical variates and original variables (called
canonical factor loadings) offer information that is complementary to canonical coefficients and, hence,
are preferred by some researchers (Meredith, 1964).

2 Weighted CCA

Broadly speaking, when data sets have been collected using CSD methods, two main types of factors
are used to account for the fact that the sample is not a simple random sample:

* Survey weights are used to create a synthetic sample for which the distribution of covariates is
similar to the population under study, i.e., they help to account for unequal selection probability
(Hahs-Vaughn et al., 2011), leading to correct population parameter estimates (Lewis, 2016).

* Repetition weights, clusters, and strata are CSD elements essential to consider the nonindepen-
dence among the sampling units derived from the complex sampling design utilized to gather
the data (Hahs-Vaughn et al., 2011). Hence, they are used during the calculation of standard
errors to accurately estimate confidence intervals and p-values for any hypothesis tested.

Standard statistical methods that ignore structures, such as clustering or stratification, can give
seriously misleading results (Holt et al., 1980). Analyzing a stratified sample as if it were a simple
random sample tends to overestimate the standard errors, whereas analyzing a clustered sample as if
it were a simple random sample tends to underestimate the standard errors, and analyzing the data
without taking into consideration the survey weights will lead to incorrect point estimates (Lumley,
2004). Examples of how intracluster correlations can severely affect the effective sample size can be
found in (Killip et al., 2004).

From (Winship and Radbill, 1994), we know that the formulas for weighted covariance and
variance for two variables, X; and X,, are:

Yl WilXin — X1)(Xip — X3)
iz Wi
" WX — X1)?
i1 Wi

)

Weighted Cov(X1,Xp) =

Weighted Var(X;) =

®)

where W is the vector that stores the survey weight for each of the n subjects in the sample.

If we choose A; and B}, such that WeightedVar(U;) = WeightedVar(V;) = 1, then substituting (2)
and (3) into (1) reduces the weighted canonical correlation to

im1 Wi(XA))i(YB));)

Wezghted pj = maxAj,B/ ?:1 Wi (4)
It can be proven that the g canonical coefficients A; are the g eigenvectors of:
|(XTdiag(W)Y) - (YTdiag(W)Y) ™1 - (YTdiag(W)X) - (XTdiag(W)X) ™! = A%I| = 0 (5)

The g canonical coefficients B; can be found similarly. As in the classic CCA, the g eigenvalues,
A, are the weighted canonical correlations; hence, parameters A and B are not needed to find the
weighted canonical variates and correlations, as this calculation derives their values.

Modern statistical software, including SAS 9.4 software’s PROC CANCORR (SAS, 2012), Stata’s
canon command (StataCorp, 2023b), and R’s cancor () function in the candisc package, apply these
formulas and are able to consider survey weights in their calculations of weighted canonical cor-
relations and their corresponding p-values according to the methods Wilks” lambda, Pillai’s trace,
and Hotelling-Lawley trace (Caliniski et al., 2006) and Roy’s largest root (Johnstone, 2009). However,
these programs are unable to account for other factors, such as clusters and strata. As mentioned
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previously, ignoring these complex survey design elements will lead to different estimates of p-values
for weighted canonical correlations.

The SAS macro presented in (Nelson et al., 2020) accounts for the CSD factors by calculating
a design-effect adjusted weight for each variable. The way in which these calibrated weights are
calculated tends to result in design-effect adjusted sample sizes large enough to consistently provide
trivially significant results, i.e., statistically significant p-values for canonical correlations regardless
of their magnitude and practical meaning. The authors of this algorithm provide a recommendation
to ameliorate this problem but their advice requires the user to choose a random variable as the
dependent variable, hence leading to inconsistent results that are influenced by this selection. In
contrast, our proposed algorithm leads to the same degrees of freedom recommended for linear
regression models outlined in the complex surveys’ guidelines.

3 Complex survey design CCA

The proposed Survey CC method is based on three well-known ideas related to data collected using
CSD: (1) the survey weights are sufficient to calculate correct parameter estimates, e.g., the canonical
coefficients; (2) the linear combination of variables in a complex survey data set follows the same CSD
structure as the original variables; and (3) the p-values for a simple linear regression coefficient and a
correlation using the same two variables are equal.

In the case of (3), due to the linearization of the variance estimator used by survey: :svyglm(), the
p-value for the slope of the regression of U; on V; will not be equal to the p-value for the regression of
V; on Uj, as would be the case if there were no CSD elements. We addressed this issue by calculating
both p-values and then selecting the largest of them, i.e., we took a conservative approach for the test
of the hypothesis Hy : p; = 0 (Nelson et al., 2020).

Survey CC step-by-step methodology:

1. Select variable sets, X and Y, from existing data sets.

2. Include survey weights in the calculation of the weighted canonical coefficients and correlations
to find their point estimates.

3. For each j canonical correlation where 1 < j < g:

(a) Use weighted canonical coefficients to calculate weighted canonical variates, U; and V.

(b) Perform a simple linear regression of U; on V; that includes all complex survey design ele-
ments (e.g., survey weights, cluster, and strata) to find the p-values for their corresponding

rj canonical correlation

(c) Perform a simple linear regression of V; on U; that includes all complex survey design ele-
ments (e.g., survey weights, cluster, and strata) to find the p-values for their corresponding
r; canonical correlation

(d) Compare the p-values of the linear regression models in the previous two steps and select

the largest.

In practice, existing computational CCA procedures that consider survey weights can be used
to identify weighed canonical coefficients, which, in turn, can be used to calculate the weighted
canonical variates. Once these canonical variates have been identified, given that they are just linear
combinations of the original variables, p-values for canonical correlations can be estimated using
complex survey linear regression procedures, as linear regression survey procedures in modern
statistical software can include not only survey weights but also information regarding the repetition
weights, clusters, and strata from the original data set. The values required for these CSD factors are
provided in the user guides, codebooks, and manuals of the surveys that would be examined by the
users of our package. In other words, the users of our package will not need to determine these values;
they will be able to find these values using the help materials provided by the institutions that conduct
the surveys and make them available to the public.

A further advantage of our Survey CC algorithm is that it will allow the assessment of the statistical
significance of each canonical correlation, and hence the conclusions that might be drawn from the
associated canonical coefficients or loadings, to be done separately. The reason is that a byproduct of
the proposed algorithm are the p-values for each individual r; canonical correlation (i.e., Hp : p; = 0),
whereas current software tests the hypothesis Hy : p; = pj;1 = - -- = pg—1 = pg = 0. This sequential
testing approach followed by the classic statistical methods has been criticized ?. Because the effective
sample size might change for each canonical correlation depending on the canonical coefficients and
the CSD factors, a larger correlation magnitude might not imply a smaller p-value, therefore secondary
canonical correlations might be statistically significant even if the first one is not.

This difference on the hypotheses being tested also implies that Survey CC should be considered
an alternative to the existing CCA methods, not an improvement on them. Moreover, this also
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means that the p-values produced by Survey CC are not directly comparable to those provided by the
classic statistical methods. Therefore, when it is mentioned that these statistical tests lead to different
conclusions, it refers to the interpretation that a general scientist with basic training in statistics would
give to the p-values, not to the formal interpretation that should be strictly given to them.

4 The R package

The package SurveyCC extends the functionality of candisc: :cancor() by calculating the test statis-
tics, degrees of freedom and p-values necessary to estimate and interpret the statistical significance of
the canonical correlations according to the methods of Wilks” lambda, Pillai’s trace, and Hotelling-
Lawley trace (Caliniski et al., 2006). The statistics for these secondary canonical correlations were, up
until now, unavailable to the users of Stata’s canon and SAS PROC CANCORR. In R, the repeated
application of the function p.asym() in the CCP package, once for each of these classic methods, is
needed as candisc: :cancor () provides by the default only the results for the Wilks” lambda test. It is
worth noting that the existing statistical software uses an F-distribution to calculate the p-values for
these methods, while those provided by SurveyCC are based on a x? distribution. This difference leads
to slightly different results from those provided by the existing CCA commands. Using a different
distribution makes the information provided by SurveyCC complementary, instead of redundant, to
that provided by the existing CCA commands.

Roy’s largest root test statistics are also provided by SurveyCC. Our implementation is based on
the idea described in (Johnstone, 2009), which posits the use of the first canonical correlation as a
test statistic for all secondary canonical correlations and simply changing the degrees of freedom of
the F-distribution used to assess it. Other existing CCA functions provide the Roy’s largest root test
statistics only for the first canonical correlation. Additionally, we found in the examples included in
this paper and countless preliminary experiments, that Roy’s largest root p-value was smaller than
the rest of those calculated by SurveyCC. We hypothesize that this difference might be due to the
upper-bound method used by Johnstone (2009), which is the base of our programming work for
this test. Although this might limit the usefulness of this statistic, we decided to include it in our
calculations and leave it to the user to determine how much importance to give to the results of this
method.

Moreover, SurveyCC implements the proposed Survey CC algorithm described in the previous
section. The results of the Survey CC algorithm appears in the tables displayed by surveycc() as
Complex Survey CC. As mentioned previously, the core idea of the algorithm is to calculate the
correlations among the canonical variates and their corresponding statistical significance via an
equivalent sequence of univariate linear regressions. This transformation allows the user to take
advantage of the existing theoretical and computational resources that integrate the CSD elements into
these regression models (Valliant and Dever, 2018). Hence, SurveyCC can include the same complex
design elements as survey: :svyglm(). Indeed, for the main function surveycc(), one of the main
required inputs is a survey: : svydesign() or survey: :svrepdesign() object (see section 4.1 below).
The Statistic for our algorithm is the coefficient for independent variable in the univariate linear
regression model and, given that the variances of the canonical variates have been setup to be 1, it is
equal to the corresponding canonical correlation. The other values in the results table for SurveyCC,
ie. df1,df2, Chi-Sq/F and p-val, are those provided by R for the coefficient estimate in simple linear
regression model (for more information see the help material for survey: :svyglm() in the survey
package).

Beside the p-value corresponding to the Survey CC, surveycc() also provides statistics for the case
in which only the survey weights are taken into consideration, while the rest of the complex survey
design elements are ignored. This additional set of results, which are listed as Weighted Survey CC,
allows the user to appreciate the effect that the elements, which are dispensable to obtain correct point
estimates, affect the calculation of the statistical significance of the correlations.

The units and variables graphs (Gittins, 2012) can be drawn by candisc: : cancor (), further com-
plementing the information listed by the existing canonical correlation commands. The variables
graph uses the first and second canonical coefficients for each the variables in the original data as
coordinates in a 2-dimensional graph. This graph allows the user to see the associations that might
exist among the variables in the original data set by studying their positions around the unit circle.
Variables in opposite sides are expected to have inverse relationships, i.e., when one increases the
other decreases, while variables close to each other should have positive relationships, i.e., when
one increases/decreases, the other also increases/decreases. The distance from the origin can be
interpreted as a direct proportional measure of the strength of these relationships. The units graph
is created by multiplying the values of the original variables of each observation by the canonical
coefficients of the two canonical correlations selected by the user and then using the resulting values
as coordinates in a two-dimensional plane described by the corresponding canonical variates. The
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units graphs serves to identify possible clusters among the observations in the data set that share
characteristics which might not have been apparent in the original variables (Cruz-Cano and Lee, 2014)
and identify observations that might be considered outliers. For example, in a units graph, samples
from grassland vegetation in a small area in North Wales formed three distinct clusters based on the
community (limestone, neutral, and fertile grassland) to which they belonged (Gittins, 2012).

The SurveyCC package is currently available in the Comprehensive R Archive Network (CRAN):
https://cran.r-project.org/web/packages/SurveyCC/index.html.

4.1 Syntax

The SurveyCC package has one main user-facing function, surveycc(). The arguments for this
function are as follows:

e design_object
® var.x, var.y
* howmany

e diml, dim2

e selection

The first item, the design object, needs to be created by using the survey functions svydesign()
or svrepdesign(). This object will contain the actual data set, but will also keep track of all CSD
characteristics, such as cluster, strata, etc. Note that, even if the data does not have a complex survey
design structure, the design object still needs to be created and passed in (see “Simple Example”
below).

The var.x and var.y arguments specify the names of the first and second sets of variables,
respectively. These both should be character vectors, and the names should exactly match the desired
variable names in the data set.

The howmany argument is a positive integer specifying how many canonical correlations one wants
to test for. Note that this always must be between 1 and the cardinality of the largest set of variables
(i.e., var.xor var.y).

The selection argument specifies if the effective sample size should simply be the number of
observations/rows, or whether it should be based on the sum of the weights in the survey design
object. Specifying selection = "FREQ" will result in the weight information being used, selection =
ROWS will result in the number of rows being used. The effective sample size is used in the calculation
of p-values and hence included in the result tables.

4.2 Output

The output of the call to surveycc() in R is a list with the following structure:

e Stats.cancor

— Stats.cancor.1
— Stats.cancor.?2

® cc_object

The first item in this list is another list named Stats. cancor, and it contains a data frame for each
canonical correlate (the number being obtained from the argument howmany). Each data frame is the
table of test results, including the results of the new Survey CC method.

The second item in this list is another list named cc_object, which is actually the output from
the call to cancor () in the candisc package. It is beyond the scope of the present article to describe
everything in the cancor () output as it is already done extensively in its help files, but special attention
should be paid to the object cc_object$coef, which gives the actual canonical variate coefficient
estimates. This will be explored in some of the examples below.

The SurveyCC package contains a plotting method for the surveycc object. Simply pass the saved
object to plot(), along with two arguments, dim1 and dim2, which specify which variates to use as
axes in the plots. The values must both be positive integers, cannot equal each other, and must be <
howmany. Please see the PATH example below (PATH Study Wave 1 Adult Questionnaire Example) for
an example of this.
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5 Examples

In this section we present four examples to illustrate different aspects of SurveyCC being exalted.
Although all the data sets mentioned in this section are publicly available, we have also included them
as supplementary files for the convenience of the readers who would like to run the code provided in
this document.

These data sets are:

e Simple Automobile data set: This example shows that surveycc() can deal with data sets
without CSD factors and provide information about the statistical significance of the secondary
canonical correlations, which is currently difficult to obtain using exiting CCA software. In the
past it has been used as an example for other canonical correlation packages (StataCorp, 2023a).
The data set is available at https://www.stata-press.com/data/r17/auto.

* 2007-2010 National Health and Nutrition Examination Survey: This case illustrates the ap-
plication of SurveyCC to study a survey that includes a complete set of CSD factors (survey
weights, cluster and strata). The data set is available at https://wwwn.cdc.gov/nchs/nhanes/
Default.aspx. The creation of this data set required merging of the 2007-2008 and 2009-2010
surveys according to the specifications provided in the National Health and Nutrition Examina-
tion Survey:Estimation Procedures, 2007-2010 Data Evaluation and Methods Research of the CDC'’s
National Center for Health Statistics.

* PATH Study Wave 1 Adult Questionnaire: This example is based on a national survey data set
with replicate weights instead of cluster and strata for standard error estimation. This data set is
available at https://www.icpsr.umich.edu/web/NAHDAP/studies/36231/datadocumentation.
To reduce the PATH data set to a size that would not impede the installing of SurveyCC
by persons with little memory space in their computers or unreliable or slow internet connec-
tions, we provide a subset of PATH Wave I Adult Questionnaire data set that can be downloaded
from the PATH Study website. Only the rows that have no missing values for the variables used
in the example, i.e., only the rows that are in fact used during the CCA calculations, were kept.

e 2021 National Youth Tobacco Survey: The last of our national survey examples presents a case
in which the surveycc() handles a larger set of variables and leads to conclusions different
from those obtained if only the classic statistical tests are applied. The data set is available at
https://www.cdc.gov/tobacco/data_statistics/surveys/nyts/data/index.html.

We recommend to the readers who want to replicate the results listed in this manuscript running
the reproducibility scripts provided in the supplementary files as they include ancillary commands,
e.g., library, needed for the correct execution of our examples.

5.1 Simple Automobile Example

The first of our examples serves to show how surveycc() can handle cases in which no CSD factors
exist and the user might only be interested in examining the statistical significance of the secondary
canonical correlations. For this purpose, we examine the relationships among several measures related
to different models of automobiles. One group of variables express the size of the automobile (length,
weight, headroom, and trunk size) while the others are related to the performance of it (displacement
in cubic centimeters, miles per gallon, gear ratio, and turn ratio).

Simple Automobile Example Setup

As previously mentioned, it is necessary to create the CSD object using the survey package, which is
then passed into the main function of the current package, surveycc(). This is the case even if, as in
the present example, there are no CSD factors in the data set (see the design_object in the code below).
Notice that the only necessary information for the creation of a survey design object is ids, set to ~ 1
here.

In addition to the CSD object, we define vectors for each set of variables, as well as an indicator
of the desired number of canonical variates for which that statistical significance must be reported.
These objects are all passed into the surveycc() function.

# Simple example
design_object <-
survey: :svydesign(
ids = ~1,
data = auto
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)
var.x <- c("length”, "weight”, "headroom”, "trunk")
var.y <- c("displacement”, "mpg", "gear_ratio”, "turn")

howmany <- 3

out.auto <- surveycc(design_object = design_object, var.x = var.x,
var.y = var.y, howmany = howmany, selection = "FREQ")

Simple Automobile Example Results

Here surveycc() is used to estimate canonical correlations p-values for the Simple example.

See the output of the saved out. auto object below for the tables containing all statistics, degrees of

freedom, test statistics, and p-values.
out.auto

#> $Stats.cancor
#> $Stats.cancor$Stats.cancor.1

#> Statistic df1 df2
#> Wilks' Lambda 0.08973 16 NA
#> Pillai's Trace 1.01956 15 NA
#> Hotelling-Lawley Trace 8.93344 16 NA
#> Roy's Greatest Root 0.89792 4 69
#> Weighted Survey CC 0.94759 73 72
#> Complex Survey CC 0.94759 73 72
#>

#> $Stats.cancor$Stats.cancor.?2

#> Statistic df1 df2
#> Wilks' Lambda 0.87907 9 NA
#> Pillai's Trace 0.12163 8 NA
#> Hotelling-Lawley Trace ©.13677 9 NA
#> Roy's Greatest Root 0.89792 4 69
#> Weighted Survey CC 0.34003 73 72
#> Complex Survey CC 0.34003 73 72
#>

#> $Stats.cancor$Stats.cancor.3

#> Statistic df1 df2
#> Wilks' Lambda 0.99399 4 NA
#> Pillai's Trace 0.00601 3 NA
#> Hotelling-Lawley Trace ©.00603 4 NA
#> Roy's Greatest Root 0.89792 4 69
#> Weighted Survey CC 0.06338 73 72
#> Complex Survey CC 0.06338 73 72
#>

#>

#> $cc_object

#>

#> Canonical correlation analysis of:

Chi-Sq/F p-val

16
7
58
15
2
2

C

1
15

C

15

5.42306
3.52406
1.68905
1.74255
7.56469
7.56469

hi-Sq/F
9.82963
9.58017
0.08844
1.74255
2.76224
2.76224

hi-Sq/F
1.95328
1.95903
1.94751
1.74255
0.60644
0.60644

#> 4 X variables: length, weight, headroom, trunk

[SEESEGS IS S

p-val
.36445
.38553
.34337
. 00000
.00728
.00728

p-val
.74435
.74329
. 74541
. 00000
.54613
.54613

_ratio, turn

scree

08.47 *kkkkkkhkhkkkkhkkkkkXXXXXXXKKKKAK

#>  with 4 Y variables: displacement, mpg, gear
#>

#> CanR CanRSQ Eigen percent cum

#> 1 0.94759 0.897924 8.796670 98.46902

#> 2 0.34003 0.115619 0.130734 1.46343 99.93

#> 3 0.06338 0.004017 0.004033 0.04514 99.98

#> 4 0.04470 0.001998 0.002002 0.02241 100.00

#>

#> Test of HO: The canonical correlations in the
#> current row and all that follow are zero

#>

#> CanR LR test stat approx F numDF denDF Pr(> F)

#> 1 0.94759 0.08973 15.1900 16 202.27 <2e-16 *%x*
#> 2 0.34003 0.87907 0.9863 9 163.21 0.4534

#> 3 0.06338 0.99399 0.1026 4 136.00 0.9814
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#> 4 0.04470 0.99800 0.1381 1 69.00 0.7113

#> ---

#> Signif. codes: @ '**x' 0.001 'xx' 0.01 'x' .05 '.' 0.1 ' ' 1
#>

#> attr(,"class")
#> [1] "surveycc” "list”

Notice that Stats. cancor does not include the canonical coefficients and hence it would not be
useful to draw conclusions about the relationships among the sets of variables included in the CCA.
To see the canonical correlations and coefficient estimates one would save the output of the function
call, and then refer to the sub-object cc_object:

out.auto$cc_object$coef

#> $X

#> Xcan1 Xcan2 Xcan3 Xcan4
#> length  -0.009477879 ©.144140174 -0.0329362330 -0.0211707964
#> weight -0.001016175 -0.003663031 ©0.0009582644 -0.0006830296
#> headroom -0.035113185 -0.370142988 -1.5361072863 ©0.0440329417

#> trunk 0.002282333 -0.034273898 0.2135491362 ©.3252799822
#>

#> $Y

#> Ycan1 Ycan2 Ycan3 Ycan4
#> displacement -0.005370441 -0.01254983 -0.019129726 ©.0005364212
#> mpg 0.046148112 -0.04127765 -0.068339793 -0.2478094648
#> gear_ratio -0.032958321 1.02797976 -3.659566938 1.0311435250
#> turn -0.079392663 ©0.31126673 -0.003303379 -0.2240488108

Simple Automobile Example Conclusion

In this example the weighted Survey CC provides accurate results, because weights (equal to 1 in the
case of simple random sampling) are the only survey design factor. For the first canonical correlation,
all methods conclude that it is statistically significant and hence it is reasonable to assume that the
conclusions drawn might be true, i.e., a positive relationship between the headroom of the cars
(negative coefficient -0.0351) and its turn ratio (negative coefficient -0.0794) but a negative one with its
MPG (positive coefficient 0.0461) are likely to exist. The second canonical coefficients represent the
negative association that exist between the headroom (negative coefficient -0.3701) and the gear ratio
(positive coefficient 1.0279) combined with the turn ratio (positive coefficient 0.3112).

Although the p-values for the Survey CC method and most of those provided by the classic
tests led to the same conclusions for the first (statistically significant) and third canonical correlation
(not statistically significant), different conclusions are reached for the second canonical correlation.
Considering all these results together can help the user of the commands to reach a more informed
judgment about the robustness of their conclusions.

5.2 2007-2010 National Health and Nutrition Examination Survey (NHANES) Example

The Survey CC method was applied to the 2007-2010 NHANES data set to evaluate the existing
relationship between select demographic factors (ridageyr: Age in years, at the time of the screening
interview, and indhhin2: the estimated total household income) and body measurements related
to obesity (bmxbmi: BMI, bmxwaist: Waist circumference, bpxpls: Resting pulse per minute, bpxsy1:
Systolic blood pressure, and bpxdi1: Diastolic blood pressure) for people between 45 and 64 years old,
which is the age group with the largest proportion of persons with undiagnosed diabetes, considering
the appropriate CSD factors (survey weights, cluster and strata). Although many other demographic
factors such are race/ethnicity and education would be considered in a serious study about the
relationship between demography and body measure, the purpose of this example is to present a
relatively simple case that includes CSD factors such as cluster, strata and survey weights.

NHANES Example Setup

As previously mentioned, it is necessary to create the CSD object using the survey package, which is
then passed into the main function of the current package, surveycc().
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reducedNHANESdata <- NHANESdata %>%
dplyr::filter(ridageyr <= 64 & ridageyr >= 45)

design_object <-
survey: :svydesign(
id = ~sdmvpsu,
weights = ~wtmec4yr,
strata = ~sdmvstra,
nest = TRUE,
data = reducedNHANESdata

var.x <- c("bmxwaist”, "bmxbmi”, "bpxpls”, "bpxdil"”, "bpxsy1")

var.y <- c("ridageyr"”, "indhhin2")

out.NHANES <- surveycc(design_object, var.x = var.x, var.y = var.y,
howmany = 2, selection = "ROWS")

NHANES Example Results

Here surveycc() is used to estimate canonical correlations p-values for the NHANES example. Notice
that the specification of the CSD elements was adapted from the section Sample Code webpage from the

Tutorials tab of NHANES website https://wwwn.cdc.gov/nchs/nhanes/tutorials/samplecode.aspx

See the output of the saved out.NHANES object below for the tables containing all statistics, degrees
of freedom, test statistics, and p-values.

out.NHANES

#> $Stats.cancor
#> $Stats.cancor$Stats.cancor.1

#> Statistic df1 df2 Chi-Sq/F p-val

#> Wilks' Lambda 0.89351 10 NA 131.69647 0

#> Pillai's Trace 0.10680 9 NA 125.23226 0

#> Hotelling-Lawley Trace ©.11884 10 NA 138.63868 Q

#> Roy's Greatest Root 0.10384 51160 26.88222 Q

#> Weighted Survey CC 0.30978 1165 1164  8.80881 Q

#> Complex Survey CC 0.30978 1165 31 7.11893 0

#>

#> $Stats.cancor$Stats.cancor.?2

#> Statistic df1 df2 Chi-Sq/F p-val
#> Wilks' Lambda 0.99704 4 NA 4.46159 0.34713
#> Pillai's Trace 0.00296 3 NA 4.46091 0.34721
#> Hotelling-Lawley Trace 0.00297 4 NA 4.46227 0.34704
#> Roy's Greatest Root 0.10384 4 1161 33.63175 0.00000
#> Weighted Survey CC 0.05603 1165 1164 1.95003 0.05141
#> Complex Survey CC 0.05603 1165 31 2.05636 0.04825
#>

#>

#> $cc_object

#>

#> Canonical correlation analysis of:
#> 5 X variables: bmxwaist, bmxbmi, bpxpls, bpxdil, bpxsy1
#>  with 2 Y wvariables: ridageyr, indhhin2

#>
#> CanR CanRSQ Eigen percent cum scree
#> 0978 ©.09597 0.10615 97.119 97.12 skkkkkkkkkkkkkhkkkkhhhkkkkkhkkk

10.3
#> 2 0.05603 0.00314 0.00315 2.881 100.00 *
#>
#> Test of HO: The canonical correlations in the
#> current row and all that follow are zero

#>

#> CanR LR test stat approx F numDF denDF Pr(> F)

#> 1 0.309784 0.90120 12.3766 10 2318 <2e-16 *xx*
#> 2 0.056033 0.99686 0.9134 4 1160 0.4553

#> -—-
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#> Signif. codes: @ '*xx' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
#>

#> attr(,"class")

#> [1] "surveycc” "list”

NHANES Example Conclusion

Similarly to the ‘Simple Automobile Example” above, we can save the output of surveycc() to extract
the canonical coefficients themselves (one could also directly apply the candisc: :cancor () function,
as is done internally in the present package).

out.NHANES$cc_object$coef

#> $X

#> Xcan1 Xcan2
#> bmxwaist -0.070475488 ©.022913764
#> bmxbmi 0.129348798 -0.171143233
#> bpxpls 0.007807571 -0.034438475
#> bpxdil 0.054467924 -0.010895040
#> bpxsy1l -0.051782536 0.009062863
#>

#> $Y

#> Ycani Ycan2

#> ridageyr -0.17278878 0.05291342

#> indhhin2 ©0.02498235 0.07249308

The canonical coefficients from CCA are shown in the above output. In the first set of canonical
variables, we will focus on the coefficients with the greatest magnitudes: bmxbmi (first set) and ridageyr
(second set). The results show an opposite relationship between Age (negative canonical coefficient
-0.1728) and BMI (positive canonical coefficient 0.1294); that is, BMI decreases as age increases for
people ages 45-64 years. This correlation is considered statistically significant regardless of the method
and has been observed in previous studies such as (Yang et al., 2021), (Amies-Cull et al., 2022), (Sun
etal., 2022) and (Jarrett et al., 2009). The dominant second canonical coefficients express a negative
association between a combined increase in age (positive canonical coefficient 0.0529) and an increase
in income (positive canonical coefficient 0.0725) and a decrease in BMI (negative canonical coefficient -
0.1712). In other words, increases in income and age are associated with decreases in BMI. The negative
relationship between income and BMI in adults has been seen before in the literature, especially among
women (Garcia Villar and Quintana-Domeque, 2009).

Studying the results of this section, the conclusion about the statistical significance of the second
canonical correlation would be different depending on whether a classic test or the Survey CC method
is used for this purpose. For example, Wilks’ lambda p-value is 0.3471 and Pillai’s trace p-value is
0.3472, both leading to the conclusion that it is not statistically significant. In contrast, Survey CC,
which accounts for the complex survey design elements, leads to the opposite conclusion that the
correlation is statistically significant (p= 0.048).

5.3 PATH Study Wave 1 Adult Questionnaire Example

This example includes material about how the variables and units graphs can be used to examine the
associations between certain smoking- and drinking-related variables. The evaluation of the statistical
significance of the canonical correlations takes in to consideration the replicate weights needed for
their accurate calculation. Once again, a serious examination between smoking and drinking alcohol
would require a larger number of variables but given the purpose of this manuscript, we believe
that it is acceptable to present this preliminary analysis to further illustrate how surveycc() can help
researchers extract information from national survey data sets with replicate weights. Moreover, it is
important to notice that on occasion the classic statistical tests and the proposed Survey CC method
lead to the same conclusions as is the case presented in this subsection.

The smoking variables are:

® RO1_AC1022: In past 30 days, number of days smoked cigarettes.
* RO1_AE1022: In past 30 days, number of days used an e-cigarette.
* RO1_AG1022CG: Number of days smoked cigarillos in past 30 days.

The variables related to alcohol drinking are:

The R Journal Vol. 16/4, December 2024 ISSN 2073-4859



CONTRIBUTED RESEARCH ARTICLE

151

* RO1_AX0075: Number of days drank one or more drinks of an alcoholic beverage in past 30 days.
* RO1_AX0076: Number of alcoholic drinks usually consumed each day on days drank in past 30
days.

PATH Study Example Setup

As previously mentioned, it is necessary to create the CSD object using the survey package, which is
then passed into the main function of the current package, surveycc().

In addition to the CSD object, we also define here vectors for each set of variables, as well as an
indicator for how many canonical variates we want. These objects are all passed into the surveycc()
function.

design_object <-

survey: :svrepdesign(

id = ~PERSONID,

weights = ~RO1_A_PWGT,

repweights = "ROT1_A_PWGT[1-9]+",

type = "Fay”,

rho = 0.3,

data=reducedPATHdata,

mse = TRUE

)
var.x <- c("RO1_AC1022", "RO1_AE1022", "RO1_AG1022CG")
var.y <- c("RO1_AX0075", "RO1_AX0076")

howmany <- 2
out.PATH <- surveycc(design_object, var.x, var.y, howmany = howmany,

selection = "ROWS")

PATH Study Example Results

Here surveycc() is used to estimate canonical correlations p-values for the PATH Study example.
Notice that the specification of the CSD elements in the function survey::svrepdesign() comes
directly from the Population Assessment of Tobacco and Health (PATH) Study [United States] Public-
Use Files ICPSR Public-Use Files User Guide. These files can be found at the PATH Study website
https://www.icpsr.umich.edu/web/NAHDAP/studies/36231. See the output of the saved out.PATH
object below for the output table containing all statistics, degrees of freedom, test statistics, and
p-values.

out.PATH

#> $Stats.cancor
#> $Stats.cancor$Stats.cancor.1

#> Statistic df1 df2 Chi-Sq/F  p-val
#> Wilks' Lambda 0.93636 6 NA 9.47145 0.14875
#> Pillai's Trace 0.06395 5 NA 9.33935 0.15537
#> Hotelling-Lawley Trace ©0.06763 6 NA 9.60680 0.14222
#> Roy's Greatest Root 0.05866 3 128 2.65880 0.05106
#> Weighted Survey CC 0.24187 131 130 1.15077 0.25194
#> Complex Survey CC 0.24187 131 98 1.13501 0.25914
#>

#> $Stats.cancor$Stats.cancor.?2

#> Statistic df1 df2 Chi-Sq/F  p-val
#> Wilks' Lambda 0.99471 2 NA 1.76100 0.41458
#> Pillai's Trace 0.00529 1T NA 1.76162 0.41445
#> Hotelling-Lawley Trace ©0.00532 2 NA 1.76036 0.41471
#> Roy's Greatest Root 0.05866 2 129 4.01935 0.02026
#> Weighted Survey CC 0.07375 131 130 0.79444 0.42839
#> Complex Survey CC 0.07375 131 98 0.89128 0.37496
#>

#>

#> $cc_object

#>
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Figure 1: SurveyCC plot for the PATH example

#> Canonical correlation analysis of:
#> 3 X variables: RO1_AC1022, RO1_AE1022, RO1_AG1022CG
#>  with 2 Y wvariables: R@1_AX0075, RO1_AX0076

#>

#> CanR CanRSQ Eigen percent cum scree
#> 1 0.24187 0.058499 0.062134 91.911 91.91 H*kkxkkkkkkkkkhkkkkxkkhkkkxkkkk
#> 2 0.07375 0.005439 0.005469 8.089 100.00 ***

#>

#> Test of HO: The canonical correlations in the
#> current row and all that follow are zero

#>
#> CanR LR test stat approx F numDF denDF Pr(> F)
#> 1 0.241867 0.93638 1.4145 6 254 0.2093
#> 2 0.073748 0.99456 NaN 2 NaN NaN
#>

#> attr(,"class"”)
#> [1] "surveycc” "list”

PATH Study Example Conclusion

Notice how the p-values for all tests are statistically insignificant, hence, the same conclusions are
reached regardless of the method used. This might be especially true for national survey data sets since
they have sample sizes so large that p-values for all tests might be considered statistically significant.

In this example the plotting method is demonstrated, using the following code:

par(mfrow = c(1,2))

diml <- 1

dim2 <- 2

plot(out.PATH, diml = diml1, dim2 = dim2)

The variables graph in Figure 1 shows that the number of cigarillo-smoking days in past 30 days
(RO1_AG1022CG) and the number of alcoholic drinks usually consumed each drinking day in past 30
days (R01_AX0076) lie on opposite sites of the unit circle and hence it should be expected that when one
increases the other one should be expected to decrease. On the other hand, both variables are extremely
close inside a unit circle, so this association is not strong and more work would be needed to explore it.
Also, Figure 1 shows that, in this example, observation 131 is a unit that has an extraordinary value in
the new two-dimensional plane described by the canonical variates, and may be an outlier.

5.4 2021 National Youth Tobacco Survey (NYTS) Example

This example also shows how yet another national survey with CSD elements can be handled by
the surveycc() function further demonstrating its versatility. For illustrative purposes, the proposed
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Survey CC method was applied to the 2021 NYTS data set to evaluate the relationships of multiple
tobacco and/or e-cigarette product use with measures of exposure to e-cigarette Internet marketing
and perceived addiction to various tobacco products relative to cigarettes among Asian Americans
(n=1150). In this case SurveyCC handles a larger set of variables, providing evidence of its potential
usefulness in a real-life research scenario. The definitions of the variables in this example is provided
in a supplementary file. The detailed examination of the canonical structure produced by these
commands is beyond the scope of this manuscript and more appropriate for a paper focused on
tobacco and nicotine research.

NYTS Example Setup

As previously mentioned, it is necessary to create the CSD object using the survey package, which is
then passed into the main function of the current package, surveycc().

In addition to the CSD object, here we define vectors for each set of variables, as well as an indicator
for the desired number of canonical variates we want. These objects are all passed into the surveycc()
function.

design_object <-
survey: :svydesign(
ids = ~psu2,
nest = TRUE,
strata = ~v_stratum2,
weights = ~finwgt,
data = reducedNYTS2021data
)
var.x <- c("gn9"”, "qgn38", "qgn4@", "gn53", "gn54", "qn64", "qn69",
"qn74","gn76", "qn78", "gn8@", "qn82", "qn85", "gn88",
"qn89")
var.y <- c("gn128", "gn129", "gn130", "gn131", "qgn132", "gn134")
howmany <- 3
out.NYTS <- surveycc(design_object = design_object, var.x = var.x,
var.y = var.y, howmany = howmany, selection = "ROWS")

NYTS Example Results

Here surveycc() is used to estimate canonical correlations p-values for the NYTS example. Notice
that the specification of the CSD elements in the function survey: : svrepdesign() were adapted from
the document Guide to weighting harmonized NYTS data for the 1999 and 2000 survey years available at
Integrated Public Use Microdata Series (IPUMS) NYTS [https://www.ipums.org/projects/ipums-nyts].

See the output of the saved out.NYTS object below for the output table containing all statistics,
degrees of freedom, test statistics, and p-values:

out.NYTS

#> $Stats.cancor
#> $Stats.cancor$Stats.cancor.1

#> Statistic df1 df2 Chi-Sq/F p-val
#> Wilks' Lambda 0.88398 90 NA 143.58266 0.00029
#> Pillai's Trace 0.12173 89 NA 142.94303 0.00032
#> Hotelling-Lawley Trace ©.12495 90 NA 144.22768 0.00025
#> Roy's Greatest Root 0.03663 15 1134  2.87474 0.00018
#> Weighted Survey CC 0.19387 1149 1148 1.56828 0.11709
#> Complex Survey CC 0.19387 1149 75 1.51094 0.13501
#>

#> $Stats.cancor$Stats.cancor.?2

#> Statistic df1 df2 Chi-Sq/F p-val
#> Wilks' Lambda 0.91759 70 NA 102.88481 0.00641
#> Pillai's Trace 0.08509 69 NA 102.56555 0.00679
#> Hotelling-Lawley Trace ©0.08692 70 NA 103.20553 0.00604
#> Roy's Greatest Root 0.03663 14 1135 3.08280 0.00010
#> Weighted Survey CC 0.17412 1149 1148 1.91871 0.05527
#> Complex Survey CC 0.17412 1149 75 1.86544 0.06603
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#>

#> $Stats.cancor$Stats.cancor.3

#> Statistic df1 df2 Chi-Sq/F p-val
#> Wilks' Lambda 0.94624 52 NA 68.54747 0.06171
#> Pillai's Trace 0.05482 51 NA 68.44115 0.06277
#> Hotelling-Lawley Trace ©0.05570 52 NA 68.65328 0.06066
#> Roy's Greatest Root 0.03663 13 1136 3.32286 0.00005
#> Weighted Survey CC 0.14872 1149 1148 2.02639 0.04296
#> Complex Survey CC 0.14872 1149 75 2.02187 0.04676
#>

#>

#> $cc_object

#>

#> Canonical correlation analysis of:
#> 15 X variables: gn9, gn38, gqn4@, gn53, gn54, gn64, gn69, gn74, qn76, gn78, qn8@, gn82, gn85, qn88, gn89
#> with 6 Y variables: gnl128, gnl129, gnl130, gnl131, gnl132, gni134

#>

#> CanR  CanRSQ Eigen percent cum scree
#> 1 0.19387 0.037585 0.039053 30.904 30.90 ***xxkkx% kK EKKKK

#> 2 0.17412 0.030317 0.031265 24.741 55.64 *

#> 3 0.14872 0.022118 0.022618 17.898 73.54 *kxkkkkkkkkkkkkk

#> 4 0.11860 0.014066 0.014267 11.290 84.83 *kkxkkkkkkk

#>5 0.10631 0.011301 0.011430  9.045 93.88 *xkxkxk*x

#> 6 0.08762 0.007678 0.007737 6.123 100.00 *x*x*x*

#>

#> Test of HO: The canonical correlations in the
#> current row and all that follow are zero

#>

#> CanR LR test stat approx F numDF denDF Pr(> F)

#> 1 0.193869 0.88276 1.58342 90 6355.7 0.0003999 **%
#> 2 0.174117 0.91724 1.40840 70 5384.0 0.0144608 *
#> 3 0.148720 0.94591 1.21872 52 4382.5 0.1358675

#> 4 0.118602 0.96731 1.05132 36 3345.3 0.3859128

#> 5 0.106305 0.98111 0.98695 22 2266.0 0.4776264

#> 6 0.087625 0.99232 0.87743 10 1134.0 0.5539335

#> ---

#> Signif. codes: @ '*x*x' 0.001 'xx' 0.01 'x' ©.05 '.' 0.1 ' ' 1
#>

#> attr(,"class")
#> [1] "surveycc” "list”

NYTS Example Conclusion

The importance of our proposed Survey CC method is shown in all three tables produced by surveycc,
which compare the p-values obtained using the classic tests available in the existing statistical software
that consider only survey weights (weighted CCA) against those obtained using our newly developed
method, Survey CC, which incorporates the remaining complex survey design elements. For the
Asian-Americans in this data set, the Survey CC method results in different conclusions regarding
the significance of the first canonical correlation and the relationships that can be inferred from the
examination of canonical coefficients. For example, in the tables Stats.cancor\$Stats.cancor.1 and
Stats.cancor\$Stats. cancor. 2 the classic tests lead to p-values smaller then 0.05, e.g., Wilks” Lambda
has p-value=0.00029, Pillai’s Trace has p-value=0.00032, Hotelling-Lawley Trace has p-value=0.00025
and Roy’s Greatest Root has p-value=0.00018 for the first canonical correlation, while the Survey CC
method does the opposite (p-value=0.11709 taking into consideration only the survey weights and
p-value=0.13501 considering all CSD factors).

6 Conclusions

The inclusion of all complex survey design elements, i.e., survey weights, cluster, strata, etc., is essential
for the accurate calculation of any statistical significance, including that of canonical correlations. The
incorporation of design elements is important as CCA is a multivariate method that it is especially
suitable to study problems that involve sets of variables, such as those presented as examples in
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this manuscript. Our proposed function surveycc() allows the user not only to address this issue
but to test the statistical significance of each canonical correlation separately instead of a canonical
correlation and all those that come after it. Consideration of these results with those from classic
statistical tests allows the user of surveycc() to obtain a complete and accurate assessment of the
statistical significance of each of the canonical correlations and hence of the conclusions obtained from
the examination of the canonical structure.

Moreover, an example with simple random sample data, i.e., devoid of complex survey design
elements, showed that surveycc() can be useful and provide additional information compared to the
existing CCA R, Stata and SAS commands, even if the user is not examining national survey data,
as it provides necessary information for assessing the statistical significance of secondary canonical
correlations using different methods. As seen in the examples included in this manuscript, the
examination of the secondary canonical coefficients leads to insights about the relationships that
exist among the variables included in the problem not provided by the first canonical coefficients.
Therefore, the accurate evaluation of the statistical significance of the corresponding secondary
canonical correlations is essential to determine the validity of the conclusions drawn from these
analyses. Also, the ability to provide the variables and units graphs makes SurveyCC a complement
to the existing CCA packages in R.

The results of our examples show the limited usefulness of the upper limit of the Largest Root
statistic as proposed in (Johnstone, 2009), which is a limitation of the current implementation of our
package. For the secondary canonical correlations, it consistently provided p-values significantly
smaller than those of all the other methods, making its interpretation exceedingly difficult. Another
limitation of our package is that, in all national survey examples, the option FREQ led to sample sizes
so large that all methods provided a p-value of <0.0001 for all canonical correlations. These trivially
significant results are due to the same issues present in (Nelson et al., 2020). Although national survey
data sets include a large number of subjects, when the option FREQ is omitted, the sample sizes are not
always large enough to make all statistical tests lead to a small p-values, especially when examining
sub-populations of interest, as shown in the last example presented in Section 5 of this paper. The user
of our command should keep these issues in mind and refrain from declaring a canonical correlation
statistically significant based solely on these criteria. Also, this paper focuses on introducing the
Survey CC algorithm and the SurveyCC package, but it does not cover any preprocessing steps that
may be required for proper analysis of specific datasets, such as adjustments to survey weights when
analyzing a population subdomain. Finally, to our knowledge our method Survey CC is the first to
incorporate CSD factors into the calculation of the statistical significance of all canonical correlations
using the exact adjustments provided in the methodological documentation of the surveys being
studied, but there might be other ways to combine or modify existing statistical procedures to reach
this same objective.

We presented several examples coming from a diverse set of national surveys that show the
versatility of the command surveycc() and its ability to work appropriately for a diverse group of
national data sets. Given the wealth of information contained in these surveys, an examination of
the survey data that appropriately accounts for their complex design is essential. Our package can
become an important tool in this process through the accurate examination of the canonical correlations
statistical significance. In addition to the national surveys listed in this manuscript, we expect our
package to be able to handle data sets such as the Behavioral Risk Factor Surveillance System, the
Medical Expenditures Panel Survey, the Health Information National Trends Survey, the Tobacco Use
Supplement to the Current Population Survey, and other national and international surveys produced
using complex survey design.

In conclusion, our package SurveyCC can help to extract accurate information about the relation-
ships between sets of variables and the statistical significance of those relationships in data sets created
using complex survey design, hence having the potential to help researchers interested in using this
type of data sets to address scientific questions.
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