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Partial least squares path modeling has been widely used for component-based structural equation
modeling, where constructs are represented by weighted composites or components of observed variables.
This approach remains a limited-information method that carries out two separate stages sequentially to
estimate parameters (component weights, loadings, and path coefficients), indicating that it has no single
optimization criterion for estimating the parameters at once. In general, limited-information methods are
known to provide less efficient parameter estimates than full-information ones. To address this enduring
issue, we propose a full-information method for partial least squares path modeling, termed global least
squares path modeling, where a single least squares criterion is consistently minimized via a simple
iterative algorithm to estimate all the parameters simultaneously. We evaluate the relative performance of
the proposed method through the analyses of simulated and real data. We also show that from algorithmic
perspectives, the proposed method can be seen as a block-wise special case of another full-information
method for component-based structural equation modeling—generalized structured component analysis.
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1. Introduction

Partial least squares path modeling (PLSPM; Lohmoller, 1989; Wold, 1966, 1973, 1982)
is a well-known statistical method for component-based structural equation modeling (SEM),
where constructs are represented by weighted composites of observed variables (i.e., components).
Component-based SEM is different from factor-based SEM, in which constructs are represented
by common factors (e.g., Joreskog & Wold 1982; Rigdon, 2012; Rigdon, Sarstedt, & Ringle,
2017; M. Tenenhaus, 2008). Covariance structure analysis (CSA; Joreskog, 1970, 1978) has been
a standard method for factor-based SEM, although other methods, such as consistent partial least
squares (PLSc; Dijkstra, 2010; Dijkstra & Henseler, 2015) and generalized structured component
analysis with measurement errors incorporated (GSCAy; Hwang, Takane, & Jung, 2017), can
also be used for estimating factor-based models. It has been recognized that the two SEM domains
would need to conceptually differentiate from each other (e.g., Hair, Hult, Ringle, Sarstedt, &
Thiele, 2017; Rigdon, 2012) and their statistical methods should be used for estimating models
with their corresponding representations of constructs (i.e., CSA for factor-based models and
PLSPM for component-based models), otherwise tending to yield biased solutions (e.g., Cho,
Sarstedt, & Hwang, 2020; Hwang, Cho, Jung, Falk, Flake, Jin, & Lee, in press; Sarstedt, Hair,
Ringle, Thiele, & Gudergan, 2016). The focus of this paper is on PLSPM for component-based
SEM.
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In model specification, PLSPM consists of two sub-models—measurement and structural
models. The measurement model relates each block of observed variables to a component, whereas
the structural model relates components among themselves. In parameter estimation, PLSPM
applies two estimation stages “sequentially.” The first stage estimates component weights assigned
to a block of observed variables at a time, producing all block-wise components. The second
stage then carries out a series of linear regression analyses to estimate remaining parameters,
such as path coefficients and loadings, in the sub-models based on the components from the first
stage. Specifically, path coefficients are estimated by regressing each dependent component on
its independent components, whereas loadings are by regressing each block of observed variables
on its component. The second stage hence involves non-iterative estimation.

On the other hand, the first stage requires an iterative algorithm to estimate component
weights. Lohmoller’s (1989) algorithm has been the de facto standard and implemented into
various PLSPM software programs, including LVPLS (Lohmoller, 1984), PLS Graph (Chin,
2001), SmartPLS (Ringle, Wende, & Will, 2005), and XLSTAT (Addinsoft, 2009), although other
algorithm (e.g., Wold, 1985) is also available (also see Hanafi, 2007; Tenenhaus & Tenenhaus,
2011). As will be discussed in detail in Sect. 2, Lohmoller’s algorithm repeats two steps, called
internal and external estimation. The internal estimation step updates the so-called inner estimate
for each component in several ways, termed schemes, whereas the external estimation step updates
component weights for each block of observed variables in two different ways, named Modes
A and B. This algorithm seems to converge quickly in practice, generally providing unbiased
estimates of component-based structural equation models (e.g., Cho & Choi, 2020; Dijkstra,
2017, Sarstedt et al., 2016). Nevertheless, it has been criticized mainly because there is no explicit
optimization criterion that his algorithm aims to minimize or maximize by repeating the two steps
under both modes (e.g., Coolen & de Leeuw, 1987; Joreskog & Wold, 1982), although some
researchers have shown that Lohmoller’s algorithm appears to optimize a correlation maximization
criterion at least under Mode B yet in a less optimal fashion, i.e., with no guarantee of monotonic
convergence (e.g., Hanafi, 2007). The lack of a clear optimization criterion makes it difficult to
evaluate the algorithm (McDonald, 1996). For example, it is unclear how the different schemes
were theoretically derived and in what sense they are optimal for estimating the inner estimates
(Hwang, Takane, & Tenenhaus, 2015). More importantly, it is difficult to evaluate in what sense
the component weights estimated via Lohmoller’s algorithm can be optimal under both modes
(e.g., Ronkko, Mclntosh, Antonakis, & Edwards, 2016).

To address this issue with Lohmoller’s algorithm, several researchers have proposed a single
optimization criterion for estimating component weights in the first stage. For example, Hanafi
(2007) proposed a correlation maximization criterion for Mode B, which is an extension of Wold’s
(1985) algorithm to additional schemes. Tenenhaus and Tenenhaus (2011) developed a multi-
block component analysis method, called regularized generalized canonical correlation analysis
(RGCCA), which involves a single covariance/correlation maximization criterion for estimating
component weights in a variety of multi-block component analyses (Tenenhaus, Tenenhaus, &
Groenen, 2017). Although RGCCA is not designed for component-based SEM, it can produce
quite similar component weight estimates to those from Lohmoller’s algorithm under Mode B.
This indicates that the RGCCA criterion can serve as a single, well-defined optimization criterion
for Mode B (Tenenhaus et al., 2017). Moreover, Hwang et al. (2015) proposed a single least
squares criterion for estimating PLSPM’s component weights. Their method was found to perform
similarly to Lohmoller’s algorithm, resulting in comparable or identical solutions under both Mode
A and Mode B.

These methods are significant technical developments in PLSPM or multi-block analysis,
addressing the main issue of Lohmoller’s algorithm partly or entirely. Nevertheless, they focus
solely on refining or replacing Lohméller’s algorithm that is used only for estimating component
weights in the first estimation stage of PLSPM. Thus, PLSPM still remains a two-stage, sequential
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approach, indicating that it is not equipped with a single optimization criterion to estimate all
parameters (i.e., component weights, loadings, and path coefficients) at the same time. PLSPM
is hence considered a limited-information method that utilizes a subset of the entire system of
equations at a time for estimating parameters (Tenenhaus, 2008). In general, limited-information
methods tend to provide less efficient parameter estimates than full-information methods that
estimate all parameters simultaneously, using information available in entire equations (e.g.,
Fomby, Johnson, & Hill, 2012, Chapter 22).

In this paper, we propose a full-information alternative to PLSPM, where a single least squares
criterion is consistently minimized to estimate all the parameters simultaneously. We develop an
alternating least squares (ALS) algorithm to minimize the single optimization criterion. We call
the proposed method global least squares path modeling (GLSPM).! We will also show that
from algorithmic perspectives, GLSPM can be viewed as a block-wise special case of another
full-information method for component-based SEM—generalized structured component analysis
(GSCA; Hwang & Takane, 2004, 2014).

The paper is organized as follows. We begin by describing existing PLSPM methods, which
apply Lohmoller’s algorithm and Hwang et al.’s (2015) procedure in the first stage, to facilitate
the derivation of GLSPM. We concentrate on these two limited-information methods for PLSPM
because as stated earlier, they update component weights in the same fashion under both Modes
A and B and perform quite similarly in practice. Also, we briefly discuss RGCCA and compare
it to Hanafi’s (2007) and Hwang et al.’s procedures. As noted above, RGCCA and Hanafi’s
procedure can be used in lieu of Lohmoller’s algorithm under Mode B. Next, we provide the
technical underpinnings of GLSPM, including the proposed single optimization criterion and
ALS algorithm. We subsequently conduct a simulation study to compare the performance of
GLSPM and various extant PLSPM methods under different experimental conditions. We also
apply the proposed method to real data to further examine its empirical performance. Lastly, we
summarize the previous sections and discuss the implications of GLSPM.

2. Existing Methods for Partial Least Squares Path Modeling

Let Z; denote an N by P; matrix of the jth block of observed variables (j =
,2,......... ,J). Let y; = Zjw; denote an N by 1 vector of the jth component, where
w; isa P; by 1 vector of block-wise component weights assigned to Z ;. The measurement model
for PLSPM can be generally expressed as follows.

Zj=vyjc;' +1;, (1)

where ¢; is a P; by 1 vector of loadings and IT; is an N by P; matrix of residuals for Z ;.
This model is also called the reflective or outwards model. Although PLSPM considers other
types of measurement model, such as the formative or inwards directed model and the multiple
indicator/multiple causes model, it is unclear how and whether PLSPM can indeed estimate
parameters for these measurement models. Thus, we focus on the measurement model (1).

Let ®; denote an N by §; matrix of independent components that have direct effects on y ;.
The structural model for PLSPM can be generally expressed as

Yj:(bjbj +8j, 2)

! The authors thank the Associate Editor for suggesting this term.
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where b is an S; by 1 vector of path coefficients relating @ to y; and §; is an N by 1 vector of
residuals for y ;.

PLSPM involves three sets of parameters—component weights (w ), loadings (¢;), and path
coefficients (b;). It applies two stages consecutively to estimate these parameters. As described
below, the first stage estimates component weights in an iterative manner, thereby producing
components, whereas the second estimates loadings and path coefficients non-iteratively by means
of a series of linear regression analyses.

2.1. Estimation Stage 1

As we noted earlier, Lohmoller’s algorithm has been the best-known procedure for the
first stage. We thus begin by describing his algorithm. Conventionally, both observed variables
and components are assumed to be standardized to have zero means and unit variances (e.g.,
Y j’ y; = N). However, we here assume that they are normalized to have their length equal to one
(e.g.,y j/ y; = 1), which renders the exposition of equations more concise, while producing the
same parameter estimates. The individual scores of standardized components can be obtained by
multiplying their normalized scores by \/N.

The Lohmoller algorithm starts with assigning arbitrary initial values to the block-wise weight

vector w; and producing the normalized componenty; = Z;w?, wherew; = w;/,/W;'Z LW
It then repeats the following two steps.

Step 1 (internal estimation) We update the inner estimate for y ;. The inner estimate, denoted
by fj, is a weighed sum of the components linked to y;, which include those affecting y; and
those being affected by y; in a given structural model. It is generally obtained as

Qj
;=Y ejv,=Tjej. 3)
g=1

where y,, is a component linked to y;, ¢4 is called the inner weight assigned to y,, I'jis an
N by Q; matrix consisting of all Q; components ( Y'S) connected to y;, and e; isa Q by 1
vector of inner weights (e, ’s) assigned to T ;. To illustrate (3), we consider a prototype structural
model that includes four components, displayed in Fig. 1. For this prototype, the inner estimate
of each component is given as

fi = ei3y; =T

fr = en3y; =Ier

f3 = e31y) + exny, +esys = I3e3

f4 = eq3y; = T4e4, “4)

where I'y = Iy = Ty = y3 T3 = [y, vz, 4], €1 = €13, €2 = e23, €3 = [e31; €325 €34], and
e4 = eq3. Thus, the inner estimate can be conceptually seen as a summary measure that represents
homogeneity of all components adjacent to each component prescribed in a structural model. As
shown in (3), updating f; is equivalent to updating its inner weights (e;,’s) given components.
There are three main ways, so-called schemes, for updating the inner weights: centroid (Wold,
1982), factorial (Lohmoller, 1989), and path weighting (Lohmoller, 1989). The centroid scheme
uses the sign of the correlation between y, and y; as each inner weight, whereas the factorial
scheme the correlation between y, and y ;. On the other hand, the path weighting scheme considers
the direction of the relationships between components. Specifically, the inner weights are the
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FIGURE 1.
A prototype structural model that involves four components. No residual terms are displayed

regression coefficients of y; on y,’s in the case that y; is a dependent variable, whereas they are
the correlations between y,’s and y; in the case that y; is an independent variable.

As an example, we consider the following correlation matrix of the four components in the
prototype model. If the centroid scheme is adopted for all the components, e3 and e3; are the

Y1 Y2 Y3 V4
1 1.0 -y -5 -2
3 1.0 4
Y4 1.0
sign of the correlation between y; and y; (i.e., €13 = €31 = —1), €23 and e3; are the sign of the

correlation between y, and y; (i.e., e23 = e32 = 1), and e34 and ey43 are the sign of the correlation
between y3 and y, (i.e., e34 = e43 = 1). If the factorial scheme is used for the components, e;3
and e3) are equivalent to the correlation between y; and y; (i.e., €13 = €31 = —.5), €23 and e3>
are the correlation between y, and y5 (i.e., e23 = e32 = .6), and e34 and e43 are the correlation
between y; and y, (i.e., e34 = e43 = .4). If the path weighting scheme is chosen for the four
components, e31 and e3; are the regression coefficients of y3 on y; and y, (i.e., e31 = —.40 and
e3» = .52) because y; and y, are independent variables for y;, whereas e34 is the correlation
between y3 and y, (i.e., e34 = .4) because 5 is an independent variable for y,. The other inner
estimates are the correlations between two connected components (i.e., ej3 = —.5, €23 = .6,
and eq3 = .4) because the regression coefficient of one component on the other is equivalent
to the correlation between them. The path weighting scheme has been recommended over the
other schemes (Chin, 1998; Vinzi, Trinchera, & Amato, 2010). In practice, however, the choice
of the three schemes seems to make little differences in the results (Lohmoller, 1989; Noonan &
Wold, 1982). Although it is not commonly used, there is another scheme, called the Horst scheme
(Krdamer, 2007), where all inner weights per component are fixed to one. This scheme can be used
when all components are positively correlated (Tenenhaus & Tenenhaus, 2011).

Step 2 (external estimation) We update w;. There are two ways of updating w;—Mode A
and Mode B. Under Mode A, w; is updated as follows.

W, =Z'f;. (5)
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Under Mode B, w; is updated as follows.
W = (Z,'2))"'Z;'t;. (©6)

Subsequently, the block-wise weight vector w; is updated by Wj =W;/ W; Z,;'Z;w;, and

y,isupdatedbyy; = Z; W;‘ The component weight estimates obtained under Mode A are called
correlation weights, whereas those under Mode B called regression weights (Rigdon, 2012).
Choices on the two modes are arbitrary and warrant further research (Dijkstra, 2017).

The two steps are repeated until no substantial differences occur between the previous and
current weight estimates for all J blocks of observed variables. In this algorithm, it is not known
what criterion is being optimized by iterating the two steps under both Mode A and Mode B.
To address this issue, Hwang et al. (2015) proposed a single least squares criterion to estimate

component weights under both modes. Let e = [er;...; e;] denote a Q by 1 vector consisting
J
of all block-wise inner weights, where O = Y Q j- Letw = [wy;...; wy] denote a P by 1
j=1
J
vector of all block-wise component weights, where P = ) P;. Hwang et al.’s procedure aims
j=1

to minimize the following criterion for the first stage.

J J
ple.w) =Y a;SS(Z; —f;w;")+ Y (1 —a;)SSE; —y)). )
j=1 j=1

subject to y/j y; = 1, where SS(X) = trace(X'X), and «; denotes a binary value indicating which
mode is used for each block of observed variables, i.e., «; = 1 for Mode A, and «; = 0 for Mode
B. Given the inner estimate f;, the first term of (7) seems similar to a block-wise join loss function
for principal component analysis (Gifi, 1990, p. 152), whereas the second term seems similar to a
block-wise meet loss function for generalized canonical correlation analysis (Gifi, 1990, p. 167).

An ALS algorithm was developed to minimize (7). The ALS algorithm repeats the same
estimation steps—internal and external. Unlike the Lohméller algorithm, however, the two steps
update both inner weights and component weights by minimizing (7) consistently. The ALS
algorithm has been proved to converge (de Leeuw, Young, & Takane, 1976). It estimates both
inner estimates and component weights optimally in the least squares sense (Hwang et al., 2015).
Thus, Hwang et al. (2015) called their way of estimating the inner estimates the least squares
scheme.

RGCCA aims to maximize a single optimization criterion that is the sum of some functional
form of the covariance or correlation between two components over J blocks, with the imposition
of normalization constraints on either component weights or components (Tenenhaus et al., 2017).
Specifically, it seeks to maximize the following criterion.

J
pw)y = Y Apgle@ijw;. Ziwy)]. ®)
Jok=1,j#k

subject to t; (w’l. w;) + (1 — tj)(y’jyj) = 1, where 7; is a so-called shrinkage constant
taking a value in the interval [0,1], c(Z W, Zgwy) is the covariance or correlation between the
jth and kth components (j # k), g(-) denotes a function of the covariance or correlation (i.e.,
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absolute, squared, and identity), and A jz is a binary value indicating whether the jth component
is connected with the kth component in a given structural model, i.e., A jx = 1 if connected and
otherwise A jx = 0. Tenenhaus & Tenenhaus (2011) showed that maximizing (8) is equivalent to
maximizing the sum of a function of the covariance or correlation between the jth component
and its inner estimate f; over J blocks, and choosing the absolute, squared, and identity functions
corresponds to adopting the centroid, factorial, and Horst schemes, respectively, for obtaining f;.
They developed a monotonically convergent Gauss—Seidel-type algorithm, which carries out in a
manner similar to Wold’s (1985) algorithm or more generally Hanafi’s (2007) procedure.

When RGCCA is applied with the imposition of the constraints y’jy j=1(@e.,7; =0)itis
equivalent to estimating component weights under Mode B. Hanafi’s (2007) procedure also aims
to maximize (8) under the same constraints yet considers the centroid and factorial schemes only.
Thus, RGCCA can include his procedure (and Wold’s algorithm) as a special case, providing the
same solutions under Mode B. Itis also noteworthy that given the inner estimate f;, maximizing the
RGCCA criterion with respect to w ;, subject to y’j y; = l,isequivalent to minimizing the second
term of (7) only (Tenenhaus & Tenenhaus, 2011). A main difference is that RGCCA updates the
inner estimates based on a predetermined scheme (e.g., centroid, factorial, etc.), whereas Hwang
et al.’s (2015) procedure updates the inner estimates by consistently minimizing (7) without the
need of predetermining a scheme.

On the other hand, when 7; = 1, RGCCA does not estimate component weights in the same
way as in Lohmoller’s algorithm under Mode A. This is mainly because RGCCA imposes different
normalization constraints. As shown in (8), when 7; = 1, RGCCA estimates component weights
with normalization constraints imposed on component weights (i.e., w’j w; = 1) rather than on
components, thereby being unable to produce normalized components. Instead, RGCCA’s way of
estimating component weights subject to w’/ w; = lis called New Mode A. When 0 < 7; < 1,
RGCCA provides regularized estimates of component weights. Although this way of estimating
component weights, termed Mode Ridge, considers a continuum between Mode B and New Mode
A, it is unclear how such a regularized case is directly related to PLSPM.

Thus, RGCCA can be chosen as a theoretically better alternative to Lohmoller’s algorithm
under Mode B (Tenenhaus & Tenenhaus, 2011). When Mode A is chosen for components, in
theory, it might still be more appropriate to employ the conventional algorithm over RGCCA
(Tenenhaus et al., 2017). Conversely, Hwang et al.’s (2015) procedure can provide normalized
components under both Mode A and Mode B because as shown in (7), it always estimates com-
ponent weights subject to y/j y; = 1, as in Lohmoller’s algorithm.

2.2. Estimation Stage 2

Once all components are estimated from the first stage, the second stage estimates loadings
and path coefficients by means of ordinary least squares regression. Specifically, the least squares
estimates of ¢; and b; can be obtained as follows.

& =27;'y; ®)
b =(®;/®,) '@y, (10)

3. Global Least Squares Path Modeling

We now propose a full-information method for PLSPM, termed GLSPM, which estimates
all parameters (component weights, loadings, and path coefficients) simultaneously. We use the
same notations for the parameters, components, and observed variables as those in the previous
section. We also assume that all observed variables and components are normalized.
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Letc = [cg; ...; ¢yl denote a P by I vector of all block-wise loadings. Letb = [by; ...; by]

J
denote an S by 1 vector of all block-wise path coefficients, where S = ) §;. The objective of
j=1
the proposed method is to combine the two estimation stages of PLSPM into a single framework.
This can be achieved by minimizing the following least squares criterion.

J
ple.w.c.b) = (a;SS(Z; —t;w;") + (1 — /)SS(f; — ;) + SS(Zj — y;¢;")
j=1
+SS(Yj —q)jbj)), (11)

subject to y'y j = 1. This criterion is a mixture of Hwang et al.’s (2015) least squares criterion
for the first stage and block-wise least squares criteria for estimating loadings and path coeffi-
cients in the second stage. It can be used for estimating component weights for each block of
observed variables under either Mode A or Mode B by setting the corresponding «; to one or
zero, respectively.

We develop an ALS algorithm to minimize (11). The ALS algorithm begins by assigning
arbitrary initial values (e.g., uniformly distributed random numbers in the interval [0,1]) to the

block-wise weight vector w; and obtaining the normalized component y; = Z; wj‘., where wj =

w;/\/W;'Z;'Z;w;.Next, it alternates the following four steps, in each of which a set of parameters
is updated with the other sets fixed.
Step 1 We update e; with the other parameters fixed. This step is equivalent to minimizing

¢i(ej) = a;SS(Z; —Tje;w;) + (1 —a;)SS(Tje; — y;). (12)

109 . . .
By solving %a—e’ = 0, the least squares estimate of e; is obtained as
J

& = oW/ W;T;'Tj + (1=l T)) " T,y (13)

Then, f; is updated by f; =T ;¢;.
Step 2 We update w; with the other parameters fixed. This is equivalent to minimizing

(f)Jz(Wj) = OljSS(Zj - fjo/) + (- O[j)SS(fj - yj) + SS(Zj - yjcj/) + SS(yj - ijj)
= O(jSS(Zj — fjo/) + (1 — Olj)SS(fj — Zjo) + SS(Zj — ZjoCj,) + SS(Zjo — q)jbj)
= O{jo/fj/fjo + 1 - O(j)Wj/Zj/Zjo + Cj,Cjo/Zj/Zjo + Wj/Zj/Zjo
=2(ojw' 2t + (L = ap)w'2;'Tj + WL Ljc; + W2 ® b))
+(1 — Olj)fj/fj + bj/<1>j/<l)jbj +trace(othj’Zj + Z/Zj), (14)
subjectto y,y; = w;Z; Z;w; = 1. Note that in (14), both f; and @; do not involve w; because
Y isnotrelated toitself. Wheno; = 1 (i.e., Mode A), minimizing (14) subject to w’jZ’ij wi=1

is equivalent to minimizing

¢]3(W]) = Wj/fj/fjo — 2Wj/(Zj,fj + Zj/ZjCj —i—Zj/(I)jbj), (15)



HWANG HWANG, GYEONGCHEOL CHO

subject to w’jZ'j Z;w; = 1. This quadratic constrained minimization problem cannot be
solved analytically. Instead, we minimize (15) iteratively via an interior point algorithm (e.g.,
Boyd, Boyd, & Vandenberghe, 2004, p. 143), which is efficient for such a problem and imple-
mented into various nonlinear programming solvers, e.g., fmincon in MATLAB and ipop in the
R package kernlab (Karatzoglou, Smola, Hornik, & Zeileis, 2004). When «; = 0 (i.e., Mode B),
minimizing (14) reduces to maximizing

¢1wW)) =w;'(Zj'tj +Z;'Zjc; +Z;®b))
=w/(Z,L)'*@Z;2;)"" *(Z;'t; +Z;'Zjc; +Z1;' ®;b;)
= Vj/hj, (16)

subject to W/ Z'Z;w; = 1 or equivalently v/v; = 1, where v; = (Z;/Z))"?*w;, and h; =
(Z;/Z;))"Y*(Z,;'t;+Z;'Z;c;+Z; ®;b;). This maximization problem can be solved as follows:
Let u; denote the first left singular vector of h;. Then, W; = (Zj’Zj)_l/zuj (ten Berge, 1993, p.
29). Under both modes, once W; is obtained, y ; 1s subsequently updated by y; = Z W

Step 3 We update ¢; with the other parameters fixed. This is equivalent to minimizing

¢7(c) = SS(Z; — y,¢;). (17)
The least squares estimate of ¢; is obtained as
észj’yj. (18)
Step 4 We update b; with the other parameters fixed. This is equivalent to minimizing
¢S(bj) =SS(y; — @;b)). (19)
The least squares estimate of b; is obtained as
b= (®;/®,)"'®,'y;. (20)

We repeat the above steps until convergence, i.e., the difference in the values of (11) between
the previous and current iterations decreases below a predetermined threshold (e.g., .00001). The
ALS algorithm monotonically decreases the value of (11), which is also bounded from below.
This algorithm is therefore convergent with respect to (11) (i.e., a sequence of the values of (11)
is monotone). Yet, the value of (11) at convergence can be a local minimum. To address the issue
of convergence to local minima, we may repeat the algorithm with several sets of random initial
values for w;, producing as many values of (11) as sets of random initial values used. Then, the
solutions associated with the smallest value of (11) can be chosen as final ones.

Minimization of (11) does not require any distributional assumption, such as multivariate
normality of observed variables. Thus, GLSPM is a distribution-free or nonparametric approach.
However, as a trade-off, it cannot estimate the standard errors of parameter estimates based on
asymptotic (normal theory) approximations. Instead, GLSPM employs the (nonparametric) boot-
strap method (Efron, 1979) to obtain the standard errors or confidence intervals of its parameter
estimates.
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AsinHwangetal.’s (2015) procedure, in theory, GLSPM can allow for acompromise between
Mode A and Mode B by taking any value of «; between 0 and 1. Nevertheless, in practice, it is
not clear what this compromise means substantively, when it can be useful, and how the value of
a; can be determined. Thus, we recommend applying GLSPM only under the two conventional
modes.

GLSPM is a full-information method in that it estimates all parameters by optimizing a
single least squares criterion consistently. This is comparable to GSCA (Hwang & Takane, 2004,
2014), which is also a full-information method for component-based SEM. There is a technical
connection between GLSPM and GSCA. LetZ = [Zy, ..., Z ] denote an N by P matrix of all J
blocks of observed variables. Let W = diag[wj, ..., w;] denote a P by J matrix consisting of
all block-wise vectors of component weights as diagonal elements. Let T' = ZW = [y, ..., y,]
denote an N by J matrix consisting of all components. Let d; be a J by 1 vector whose elements
are all zero except the jth element being unity, so that y; = ZWd;. Let I; denote a P by P;
row-wise block matrix in which the jth block is the identify matrix of P;, whereas the other
blocks are zero matrices, so that Z; = ZI;. Let €; denote a J by 1 vector consisting of Q ; inner
weights (in e;) for the 0 j components connected to y; and of J — Q; zeros for the remaining
unconnected components, so that f; = I'je; = I'e;. Let B; denote a J by 1 vector consisting
of §; path coefficients relating S; independent components to y; and of J — §; zeros for the
remaining components, so that I' jb; = I'B ;.

Under both modes, minimizing (11) is equivalent to minimizing

J
¢*(e.w.c.b) = Y "SS(ZV; — ZWA)). 1)
j=1

Specifically, under Mode A or «; = 1, minimizing (11) is equivalent to minimizing

M~

¢*(e,w,c,b) = » SS(Z; —f;jw;") +SS(Z; —y;c;') +SS(y; — T ;b))

~
I
-

I
M~

SS([Z;,Z;,v;] = [tiw,". v;¢;'. T ;b;])

.
Il
-

I
M~

SS(2[1;.1;, Wd,] —ZW [e;w;’. d;c;’. B;])

-
I
-

I
M\A

SS(ZV; —ZWA)), 22)

.
Il
-

where V; = [I;,1;, Wd;] and A; = [e; W/, d;c}, B;]. Similarly, under Mode B or e = 0,
minimizing (11) is equivalent to minimizing (21), where V; = [I;, We;, Wd;] and A; = [c/j,
d;, B;]. The criterion (21) is essentially in the same form of the GSCA criterion (e.g., see Hwang
& Takane, 2014, p. 22). A major difference is that (21) is a block-wise criterion for estimating the
parameters in V; and A ; for each block. This indicates that GLSPM can be seen as a block-wise
special case of GSCA from algorithmic perspectives.
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4. Simulated Data Analysis

We conducted a simulation study to evaluate parameter recovery of GLSPM, as compared to
existing limited-information PLSPM methods. The existing methods applied Lohmoller’s (1989)
algorithm, Wold’s (1985) algorithm (Hanafi’s (2007) algorithm), Hwang et al.’s 2015 procedure,
and RGCCA for estimating component weights (and components) in the first stage and then
applied a series of least squares regression analyses for estimating loadings and path coefficients
as shown in (9) and (10). We called these limited-information methods Lohmoller’s PLSPM,
Wold’s PLSPM, Hwang et al.’s PLSPM, and RGCCA-PLSPM.

We specified a component-based structural equation model, where four independent compo-
nents influenced two dependent components. Each component was associated with four observed
variables. Figure 2 displays the specified model. In the model, we determined component weights
(w;) and loadings (¢ ;) per component as follows: for Mode A, w; = [.3030; .3535; .3535; .4040]
and ¢; = [.6;.7; .7; .8], and for Mode B, w; = [.4179; .3582; .3582; .2985] and ¢; = [.6901;
.6897; .6897; .7286]. We considered three experimental factors: mode (Mode A and Mode B),
sample size (N = 100, 200, 500, and 1000), and the correlation between the independent com-
ponents (r = 0, .2, and .4). This correlation remained the same for each pair of the independent
components. For each combination of the levels of the experimental factors, we generated 1000
random samples from a multivariate normal distribution with zero means and the covariance
matrix derived from the model specification, using the same data generation procedures in Cho
and Choi (2020) and Cho, Jung, and Hwang (2019).

We applied GLSPM and the existing PLSPM methods to fit the model to each sample. When
RGCCA-PLSPM was used for the case of Mode A, we applied RGCCA’s New Mode A and
standardized its components before estimating loadings and path coefficients in the second stage.
We also applied Wold’s algorithm to the case of Mode A, although his algorithm is monotonically
convergent only under Mode B (Hanafi, 2007). We considered the centroid, factorial, and path
weighting schemes for Lohmoller’s algorithm, whereas we applied the centroid and factorial
schemes for Wold’s algorithm and RGCCA because no explicit functional form of component
covariances or correlations (i.e., g(-) in (8)) for the path weighting scheme is available for Wold’s
algorithm and RGCCA. For Hwang et al.’s procedure and GLSPM, no scheme needs to be
determined before estimation because both methods estimate inner weights by minimizing a
least squares optimization criterion consistently (e.g., Step 1 in the ALS algorithm for GLSPM).
We did not consider the Horst scheme because our specified model included negatively correlated
components, as displayed in Fig. 2. We used the R package RGCCA (version 2.1.2) (Tenenhaus
& Guillemot, 2017) for RGCCA, Dr. Arthur Tenenhaus’s R code for Wold’s algorithm, and wrote
MATLAB codes for the other procedures. We used the same initial values for w; per sample for
all the methods except RGCCA, ie., w; = 1;/(1;/S; 1j)1/2, where 1; is a vector of P; ones,
and S; is the correlation matrix of P; observed variables for the jth component. As the current
version of the RGCCA package does not permit users to choose their own initial values for w;, we
used its default initial values that are the elements of the first right singular vector of P; observed
variables for the jth component.

To evaluate the parameter recovery of the methods, we calculated relative bias (RB), standard
deviation (SD), and root mean square error (RMSE) of their parameter estimates, as follows.

RB(®®) = (m(h) — 0)/6, (23)
SD(6) = (§ — m(6))?/B, (24)

RMSE®®) = +/((0 — 6)2)/B, (25)
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where 6 and 6 denote a single parameter and its estimate, respectively, and m(H) is the average
of 6 over B samples (B = 1000 in our study).

To conserve space, we focus here on reporting the average values of these properties of each
set of the parameter estimates obtained from the methods under each condition. Note that we used
“absolute” relative biases for computing the average RB values. The properties of all individual
parameter estimates per condition are provided in Supplementary Materials.

Table 1 presents the average RB, SD, and RMSE values of the estimates of component
weights obtained from different PLSPM methods under Mode A. We considered an RB value
greater than .1 (or 10%) as indicative of an unacceptable degree of bias (e.g., Bollen, Kirby,
Curran, Paxton, & Chen, 2007). On average, GLSPM produced unbiased estimates of component
weights in all conditions. Lohmoller’s PLSPM resulted in the same weight estimates across all
the three different schemes, which were unbiased in most conditions except when r = .4 and
N < 200. Wold’s PLSPM provided quite similar weight estimates between the centroid and
factorial schemes, which were also comparable to those from Lohméller’s PLSPM when r < .2.
However, when r = .4, Wold’s PLSPM tended to yield biased weight estimates regardless of
sample size, although the biases tended to decrease with sample size. RGCCA-PLSPM with
the centroid and factorial schemes performed identically to the counterparts of Wold’s PLSPM.
Hwang et al.’s PLSPM resulted in unbiased weight estimates when r < .2. However, their method
produced biased weight estimates when r = .4 unless sample size was large (N = 1000).

The weight estimates from GLSPM had much smaller SD values than those from the other
limited-information methods in all conditions. The SD values of the weight estimates from all the
methods tended to decrease with sample size. However, the SD values of the limited-information
methods tended to increase with the correlation between the independent components, whereas
those of GPLPM were not be affected by the component correlation. The SD values of the weight
estimates from the limited-information methods were quite similar in all conditions. Consequently,
in general, the component weight estimates from GLSPM always showed smaller RMSE values
than those from the limited-information PLSPM methods in all conditions. The RMSE values of
the weight estimates of all the methods decreased with sample size. The RMSE values under the
limited-information methods were generally similar across the conditions and increased when the
degree of component correlation increased and/or sample size decreased.

Table 2 provides the average RB, SD, and RMSE values of the loading estimates obtained from
all the methods under Mode A. These properties of the loading estimates showed similar patterns
to those of the weight estimates in Table 1. That is, GLSPM’s loading estimates were unbiased
and had smaller SD and RMSE values than the other methods’ loading estimates in all conditions,
although the SD and RMSE values of GLSPM’s loading estimates became somewhat larger than
those of its weight estimates. The loading estimates of the other limited-information methods
generally had similar RB, SD, and RMSE patterns to their corresponding weight estimates.

Table 3 exhibits the average values of the same properties of the path coefficient estimates
from the methods under Mode A. On average, GLSPM yielded unbiased estimates of the path
coefficients in all conditions. The other limited-information methods also resulted in unbiased esti-
mates of the path coefficients in most conditions except when r = .4. When r = .4, Lohmoller’s
PLSPM tended to yield slightly less biased estimates than the other limited-information meth-
ods in all sample sizes. This method provided quite similar RB values across the three schemes.
Wold’s PLSPM and RGCCA-PLSPM yielded identical RB values under the same scheme. When
r < .2, the SD and RMSE values of GLSPM’s path coefficient estimates were similar to those of
the other methods’ estimates across the conditions. When r = .4, however, the SD and RMSE
values GLSPM’s estimates were consistently smaller than those of the other methods’ estimates
in all sample sizes.

Tables 4 and 5 show the average RB, SD, and RMSE values of the estimates of component
weights and loadings obtained from the methods under Mode B. Overall, all the methods per-
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formed comparably in recovering both weights and loadings. Specifically, when r < 0.2, they
generally provided unbiased estimates of the parameters except when sample size was relatively
small (N = 100 or 200). On the other hand, when r = 0.4, all the methods yielded biased
estimates of the weights and loadings regardless of sample size, although Wold’s PLSPM and
RGCCA-PLSPM tended to result in slightly more biased estimates under both schemes. The SD

TABLE 1.
Average relative biases (RBs), standard deviations (SDs), and root mean square errors (RMSEs) of component weights
estimated from different PLSPM methods under Mode A

r N  GLS PLSN(c) PLSL(f) PLSL(p) PLSW(c) PLSW(f) RGCCA(c) RGCCA(f) PLSH

RB 0 100 0.00 0.03 0.03 0.03 0.04 0.04 0.04 0.04 0.04
200 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
500 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

.2 100 0.00 0.07 0.07 0.07 0.10 0.10 0.10 0.10 0.09
200 0.00 0.04 0.04 0.04 0.05 0.05 0.05 0.05 0.05
500 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1000 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

4 100 0.00 0.11 0.12 0.12 0.17 0.19 0.17 0.19 0.15
200 0.00 0.10 0.11 0.11 0.15 0.16 0.15 0.16 0.14
500 0.00 0.08 0.09 0.09 0.13 0.13 0.13 0.14 0.11
1000 0.00 0.07 0.07 0.07 0.11 0.11 0.11 0.11 0.09

SD 0 100 0.04 0.12 0.11 0.11 0.12 0.12 0.12 0.12 0.12
200 0.03 0.08 0.07 0.07 0.08 0.08 0.08 0.08 0.07
500 0.02 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04
1000 0.01 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

2 100 0.04 0.16 0.16 0.16 0.17 0.17 0.17 0.17 0.17
200 0.03 0.13 0.13 0.12 0.13 0.13 0.13 0.13 0.13
500 0.02 0.08 0.07 0.07 0.08 0.07 0.08 0.07 0.07
1000 0.01 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

4 100 0.04 0.21 0.21 0.21 0.21 0.22 0.22 0.22 0.22
200 0.03 0.19 0.19 0.19 0.19 0.19 0.19 0.19 0.19
500 0.02 0.16 0.16 0.16 0.16 0.16 0.16 0.16 0.16
1000 0.01 0.14 0.14 0.14 0.14 0.14 0.14 0.14 0.14

RMSE 0 100 0.04 0.12 0.11 0.11 0.12 0.12 0.12 0.12 0.12
200 0.03 0.08 0.07 0.07 0.08 0.08 0.08 0.08 0.07
500 0.02 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04
1000 0.01 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

22 100 0.04 0.17 0.17 0.17 0.18 0.18 0.18 0.18 0.17
200 0.03 0.13 0.13 0.13 0.14 0.13 0.14 0.13 0.13
500 0.02 0.08 0.07 0.07 0.08 0.07 0.08 0.07 0.07
1000 0.01 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

4 100 0.04 0.21 0.22 0.21 0.23 0.23 0.23 0.23 0.23
200 0.03 0.19 0.19 0.19 0.20 0.20 0.20 0.21 0.20
500 0.02 0.16 0.16 0.16 0.17 0.17 0.17 0.17 0.17
1000 0.01 0.14 0.14 0.14 0.15 0.15 0.15 0.15 0.15

GLS =global least squares path modeling, PLSL(¢) = Lohméller’s PLSPM with the centroid scheme, PLSE(f)
= Lohméller’s PLSPM with the factorial scheme, PLS"(p) = Lohméller’s PLSPM with the path weighting
scheme, PLSW(C) = Wold’s PLSPM with the centroid scheme, PLSW(f) = Wold’s PLSPM with the factorial
scheme, RGCCA(c) = RGCCA-PLSPM with the centroid scheme, RGCCA(f) = RGCCA-PLSPM with the
factorial scheme, and PLSH = Hwang et al.’s PLSPM
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values of the estimates from all the methods appeared similar across the conditions and tended to
decrease when sample size became larger and/or the degree of component correlation was smaller.
Moreover, the RMSE values of the weight and loading estimates from the methods were generally
similar in all conditions. Again, the RMSE values tended to decrease when sample size increased

TABLE 2.
Average relative biases (RBs), standard deviations (SDs), and root mean square errors (RMSEs) of loadings estimated
from different PLSPM methods under Mode A

r N  GLS PLSN(c) PLSL(f) PLSL(p) PLSW(c) PLSW(f) RGCCA(c) RGCCA(f) PLSH

RB 0 100 0.01 0.03 0.03 0.03 0.04 0.04 0.04 0.04 0.04
200 0.00 0.01 0.01 0.01 0.02 0.01 0.02 0.01 0.01
500 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

2 100 0.01 0.07 0.07 0.07 0.09 0.10 0.09 0.10 0.09
200 0.00 0.04 0.04 0.04 0.05 0.05 0.05 0.05 0.05
500 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1000 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

4 100 0.01 0.11 0.13 0.12 0.15 0.16 0.15 0.16 0.16
200 0.00 0.10 0.11 0.11 0.13 0.14 0.13 0.14 0.14
500 0.00 0.08 0.09 0.09 0.11 0.11 0.11 0.12 0.11
1000 0.00 0.07 0.07 0.07 0.09 0.09 0.09 0.09 0.09

SD 0 100 0.07 0.12 0.12 0.12 0.13 0.14 0.14 0.14 0.13
200 0.05 0.07 0.07 0.07 0.08 0.08 0.08 0.08 0.07
500 0.03 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04
1000 0.02 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

2 100 0.07 0.16 0.16 0.16 0.19 0.19 0.19 0.19 0.18
200 0.05 0.12 0.12 0.12 0.14 0.14 0.14 0.14 0.13
500 0.03 0.06 0.06 0.06 0.07 0.07 0.07 0.07 0.07
1000 0.02 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04

4 100 0.07 0.19 0.20 0.20 0.23 0.23 0.23 0.23 0.23
200 0.05 0.17 0.17 0.17 0.19 0.20 0.19 0.20 0.20
500 0.03 0.14 0.14 0.14 0.16 0.16 0.16 0.17 0.17
1000 0.02 0.12 0.12 0.12 0.15 0.14 0.15 0.14 0.14

RMSE 0 100 0.07 0.12 0.12 0.12 0.14 0.14 0.14 0.14 0.13
200 0.05 0.07 0.07 0.07 0.08 0.08 0.08 0.08 0.07
500 0.03 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04
1000 0.02 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

22 100 0.07 0.17 0.17 0.17 0.20 0.21 0.20 0.21 0.20
200 0.05 0.12 0.12 0.12 0.14 0.14 0.14 0.14 0.14
500 0.03 0.07 0.06 0.06 0.07 0.07 0.07 0.07 0.07
1000 0.02 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04

4 100 0.07 0.21 0.22 0.22 0.25 0.26 0.26 0.27 0.26
200 0.05 0.18 0.19 0.19 0.22 0.23 0.22 0.23 0.22
500 0.03 0.15 0.16 0.15 0.18 0.19 0.18 0.19 0.19
1000 0.02 0.13 0.13 0.13 0.16 0.16 0.16 0.16 0.16

GLS =global least squares path modeling, PLSL(¢) = Lohméller’s PLSPM with the centroid scheme, PLSE(f)
= Lohméller’s PLSPM with the factorial scheme, PLS"(p) = Lohméller’s PLSPM with the path weighting
scheme, PLSW(C) = Wold’s PLSPM with the centroid scheme, PLSW(f) = Wold’s PLSPM with the factorial
scheme, RGCCA(c) = RGCCA-PLSPM with the centroid scheme, RGCCA(f) = RGCCA-PLSPM with the
factorial scheme, and PLSH = Hwang et al.’s PLSPM
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and/or the level of component correlation decreased. Wold’s PLSPM and RGCCA-PLSPM per-
formed equally in recovering both weights and loadings under the same scheme.

Table 6 presents the average RB, SD, and RMSE values of the path coefficient estimates
obtained from the methods under Mode B. The overall patterns of the properties of the path coef-
ficient estimates were similar to those of the weight and loading estimates. That is, on average,

TABLE 3.
Average relative biases (RBs), standard deviations (SDs), and root mean square errors (RMSEs) of path coefficients
estimated from different PLSPM methods under Mode A

r N  GLS PLSN(c) PLSL(f) PLSL(p) PLSW(c) PLSW(f) RGCCA(c) RGCCA(f) PLSH

RB 0 100 0.01 0.04 0.02 0.02 0.03 0.03 0.03 0.03 0.03
200 0.01 0.02 0.01 0.01 0.02 0.01 0.02 0.01 0.01
500 0.00 0.01 0.00 0.00 0.01 0.00 0.01 0.00 0.00
1000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

.2 100 0.01 0.03 0.04 0.04 0.05 0.07 0.06 0.07 0.06
200 0.01 0.02 0.02 0.02 0.02 0.03 0.02 0.03 0.03
500 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
1000 0.00 0.01 0.00 0.00 0.01 0.00 0.01 0.00 0.00

4 100 0.01 0.19 0.22 0.19 0.25 0.28 0.26 0.28 0.23
200 0.01 0.17 0.17 0.16 0.20 0.21 0.20 0.21 0.19
500 0.00 0.13 0.13 0.13 0.16 0.17 0.17 0.17 0.16
1000 0.00 0.10 0.11 0.10 0.13 0.13 0.13 0.13 0.12

SD 0 100 0.07 0.07 0.07 0.07 0.07 0.08 0.07 0.08 0.07
200 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
500 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

.2 100 0.08 0.09 0.09 0.09 0.10 0.11 0.10 0.11 0.10
200 0.05 0.06 0.06 0.06 0.07 0.07 0.07 0.07 0.07
500 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

4 100 0.09 0.12 0.12 0.12 0.14 0.14 0.14 0.14 0.13
200 0.06 0.09 0.09 0.09 0.10 0.10 0.10 0.10 0.10
500 0.04 0.06 0.06 0.06 0.07 0.07 0.07 0.07 0.07
1000 0.03 0.05 0.05 0.05 0.06 0.06 0.06 0.06 0.06

RMSE 0 100 0.07 0.07 0.07 0.07 0.08 0.08 0.08 0.08 0.07
200 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
500 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

.2 100 0.08 0.09 0.09 0.09 0.11 0.11 0.11 0.11 0.10
200 0.05 0.06 0.06 0.06 0.07 0.07 0.07 0.07 0.07
500 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.04
1000 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

4 100 0.09 0.13 0.14 0.14 0.15 0.16 0.16 0.16 0.15
200 0.06 0.10 0.10 0.10 0.11 0.12 0.11 0.12 0.11
500 0.04 0.07 0.07 0.07 0.08 0.08 0.08 0.08 0.08
1000 0.03 0.05 0.06 0.05 0.07 0.07 0.07 0.07 0.06

GLS =global least squares path modeling, PLSL(¢) = Lohméller’s PLSPM with the centroid scheme, PLSE(f)
= Lohméller’s PLSPM with the factorial scheme, PLS"(p) = Lohméller’s PLSPM with the path weighting
scheme, PLSW(C) = Wold’s PLSPM with the centroid scheme, PLSW(f) = Wold’s PLSPM with the factorial
scheme, RGCCA(c) = RGCCA-PLSPM with the centroid scheme, RGCCA(f) = RGCCA-PLSPM with the
factorial scheme, and PLSH = Hwang et al.’s PLSPM
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the path coefficient estimates from all the methods showed similar levels of bias in many condi-
tions, although Wold’s PLSPM and RGCCA-PLSPM tended to produce more biased estimates
under both centroid and factorial schemes when r > (0.2. The SD and RMSE values of the path
coefficient estimates generally were similar among the methods, although those under Wold’s
PLSPM and RGCCA-PLSPM were slightly larger when N < 200 and/or r = 0.4. The RB,

TABLE 4.
Average relative biases (RBs), standard deviations (SDs), and root mean square errors (RMSEs) of component weights
estimated from different PLSPM methods under Mode B

r N  GLS PLSN(c) PLSL(f) PLSL(p) PLSW(c) PLSW(f) RGCCA(c) RGCCA(f) PLSH

RB 0 100 0.11 0.12 0.12 0.12 0.15 0.14 0.15 0.14 0.12
200 0.06 0.07 0.06 0.06 0.07 0.07 0.07 0.07 0.06
500 0.02 0.03 0.02 0.02 0.03 0.02 0.03 0.02 0.02
1000 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

22 100 0.20 0.21 0.22 0.21 0.27 0.27 0.27 0.27 0.21
200 0.13 0.15 0.14 0.14 0.18 0.17 0.18 0.17 0.14
500 0.06 0.07 0.07 0.07 0.08 0.08 0.08 0.08 0.07
1000 0.03 0.04 0.03 0.03 0.04 0.04 0.04 0.04 0.03

4 100 0.28 0.30 0.31 0.30 0.38 0.38 0.38 0.38 0.31
200 0.24 0.25 0.26 0.26 0.31 0.31 0.31 0.31 0.26
500 0.19 0.20 0.20 0.20 0.25 0.25 0.25 0.25 0.21
1000 0.16 0.17 0.17 0.17 0.21 0.21 0.21 0.21 0.17

SD 0 100 0.24 0.26 0.25 0.25 0.26 0.25 0.26 0.25 0.25
200 0.18 0.19 0.18 0.18 0.20 0.18 0.20 0.18 0.18
500 0.11 0.12 0.12 0.12 0.12 0.12 0.12 0.12 0.11
1000 0.08 0.09 0.08 0.08 0.09 0.08 0.09 0.08 0.08

22 100 0.31 0.33 0.32 0.32 0.33 0.32 0.34 0.32 0.32
200 0.25 0.27 0.26 0.26 0.27 0.26 0.27 0.26 0.25
500 0.17 0.19 0.18 0.18 0.19 0.18 0.19 0.18 0.17
1000 0.13 0.14 0.13 0.13 0.14 0.13 0.14 0.13 0.13

4 100 0.36 0.39 0.38 0.37 0.39 0.38 0.39 0.38 0.38
200 0.31 0.34 0.33 0.32 0.34 0.32 0.34 0.32 0.32
500 0.26 0.28 0.27 0.27 0.28 0.27 0.28 0.27 0.27
1000 0.23 0.25 0.23 0.23 0.24 0.23 0.24 0.23 0.23

RMSE 0 100 0.24 0.27 0.25 0.25 0.27 0.25 0.27 0.25 0.25
200 0.18 0.20 0.18 0.18 0.20 0.18 0.20 0.18 0.18
500 0.11 0.12 0.12 0.12 0.12 0.12 0.12 0.12 0.11
1000 0.08 0.09 0.08 0.08 0.09 0.08 0.09 0.08 0.08

22 100 0.32 0.34 0.33 0.33 0.35 0.34 0.35 0.34 0.33
200 0.25 0.28 0.26 0.26 0.28 0.27 0.28 0.27 0.26
500 0.17 0.19 0.18 0.18 0.20 0.18 0.20 0.18 0.18
1000 0.13 0.14 0.13 0.13 0.14 0.13 0.14 0.13 0.13

4 100 0.38 041 0.40 0.39 0.42 0.41 0.42 0.41 0.40
200 0.33 0.36 0.35 0.34 0.36 0.35 0.36 0.35 0.34
500 0.27 0.30 0.29 0.28 0.30 0.29 0.30 0.29 0.28
1000 0.24 0.25 0.24 0.24 0.26 0.25 0.26 0.25 0.24

GLS =global least squares path modeling, PLSL(¢) = Lohméller’s PLSPM with the centroid scheme, PLSE(f)
= Lohméller’s PLSPM with the factorial scheme, PLS"(p) = Lohméller’s PLSPM with the path weighting
scheme, PLSW(C) = Wold’s PLSPM with the centroid scheme, PLSW(f) = Wold’s PLSPM with the factorial
scheme, RGCCA(c) = RGCCA-PLSPM with the centroid scheme, RGCCA(f) = RGCCA-PLSPM with the
factorial scheme, and PLSH = Hwang et al.’s PLSPM
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SD, and RMSE values of the path coefficient estimates from all the methods tended to decrease
when sample size increased and/or the degree of component correlation decreased. Again, Wold’s
PLSPM and RGCCA-PLSPM performed equally in recovering path coefficients under the same
scheme.

TABLE 5.
Average relative biases (RBs), standard deviations (SDs), and root mean square errors (RMSEs) of loadings estimated
from different PLSPM methods under Mode B

r N  GLS PLSN(c) PLSL(f) PLSL(p) PLSW(c) PLSW(f) RGCCA(c) RGCCA(f) PLSH

RB 0 100 0.12 0.13 0.12 0.12 0.15 0.14 0.15 0.14 0.12
200 0.06 0.07 0.06 0.06 0.08 0.07 0.08 0.07 0.06
500 0.02 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

22 100 0.20 0.22 0.22 0.22 0.27 0.27 0.27 0.27 0.22
200 0.13 0.15 0.14 0.14 0.18 0.17 0.18 0.17 0.14
500 0.07 0.07 0.07 0.07 0.08 0.08 0.08 0.08 0.07
1000 0.03 0.04 0.03 0.03 0.04 0.04 0.04 0.04 0.03

4 100 0.29 0.31 0.32 0.31 0.37 0.38 0.38 0.37 0.32
200 0.24 0.26 0.26 0.26 0.31 0.31 0.31 0.31 0.26
500 0.19 0.20 0.21 0.20 0.25 0.25 0.25 0.25 0.21
1000 0.16 0.17 0.17 0.17 0.21 0.21 0.21 0.21 0.17

SD 0 100 0.18 0.19 0.18 0.18 0.22 0.21 0.22 0.21 0.19
200 0.13 0.14 0.13 0.13 0.15 0.14 0.15 0.14 0.13
500 0.08 0.09 0.08 0.08 0.09 0.08 0.09 0.08 0.08
1000 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06

22 100 0.23 0.25 0.24 0.24 0.27 0.27 0.27 0.27 0.24
200 0.18 0.20 0.19 0.19 0.22 0.21 0.22 0.21 0.19
500 0.12 0.14 0.13 0.13 0.15 0.14 0.15 0.14 0.13
1000 0.09 0.10 0.09 0.09 0.10 0.09 0.10 0.09 0.09

4 100 0.27 0.29 0.29 0.28 0.32 0.31 0.32 0.31 0.29
200 0.23 0.25 0.24 0.24 0.27 0.26 0.27 0.26 0.24
500 0.19 0.21 0.20 0.20 0.22 0.22 0.22 0.22 0.20
1000 0.17 0.18 0.17 0.17 0.20 0.19 0.20 0.19 0.18

RMSE 0 100 0.20 0.21 0.20 0.20 0.24 0.23 0.24 0.23 0.21
200 0.14 0.15 0.14 0.14 0.16 0.15 0.16 0.15 0.14
500 0.08 0.09 0.08 0.08 0.09 0.08 0.09 0.08 0.08
1000 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06 0.06

2 100 0.27 0.29 0.29 0.29 0.34 0.33 0.34 0.33 0.29
200 0.21 0.23 0.22 0.22 0.26 0.25 0.26 0.25 0.22
500 0.13 0.15 0.14 0.14 0.16 0.15 0.16 0.15 0.13
1000 0.09 0.10 0.09 0.09 0.11 0.10 0.11 0.10 0.09

4 100 0.34 0.36 0.37 0.36 0.42 0.41 0.42 0.41 0.37
200 0.29 0.31 0.31 0.31 0.36 0.35 0.36 0.35 0.31
500 0.24 0.26 0.25 0.25 0.29 0.29 0.29 0.29 0.26
1000 0.21 0.22 0.21 0.21 0.25 0.25 0.25 0.25 0.22

GLS =global least squares path modeling, PLSL(¢) = Lohméller’s PLSPM with the centroid scheme, PLSE(f)
= Lohméller’s PLSPM with the factorial scheme, PLS"(p) = Lohméller’s PLSPM with the path weighting
scheme, PLSW(C) = Wold’s PLSPM with the centroid scheme, PLSW(f) = Wold’s PLSPM with the factorial
scheme, RGCCA(c) = RGCCA-PLSPM with the centroid scheme, RGCCA(f) = RGCCA-PLSPM with the
factorial scheme, and PLSH = Hwang et al.’s PLSPM
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In sum, our study showed that under Mode A, GLSPM generally recovered component
weights and loadings better than the existing limited-information methods. It produced unbiased
estimates of these parameters in all conditions, whereas the other methods resulted in biased esti-
mates in some conditions (e.g., sample size was small and/or the degree of component correlation
was moderately sizeable). Moreover, GLSPM’s weight and loading estimates always had smaller

TABLE 6.
Average relative biases (RBs), standard deviations (SDs), and root mean square errors (RMSEs) of path coefficients
estimated from different PLSPM methods under Mode B

r N  GLS PLSN(c) PLSL(f) PLSL(p) PLSW(c) PLSW(f) RGCCA(c) RGCCA(f) PLSH

RB 0 100 0.08 0.08 0.06 0.06 0.08 0.07 0.08 0.07 0.09
200 0.04 0.05 0.04 0.04 0.05 0.04 0.05 0.04 0.05
500 0.02 0.02 0.01 0.01 0.02 0.01 0.02 0.01 0.02
1000 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

22 100 0.15 0.14 0.16 0.15 0.24 0.26 0.25 0.26 0.18
200 0.10 0.09 0.10 0.09 0.14 0.15 0.14 0.15 0.11
500 0.05 0.04 0.05 0.04 0.05 0.06 0.05 0.06 0.05
1000 0.03 0.02 0.03 0.02 0.02 0.03 0.02 0.03 0.03

4 100 042 048 0.49 0.45 0.58 0.59 0.59 0.59 0.46
200 0.34 0.39 0.40 0.37 0.47 0.47 0.47 0.47 0.37
500 0.27 0.30 0.29 0.28 0.35 0.35 0.35 0.35 0.29
1000 0.23 0.25 0.24 0.23 0.29 0.28 0.29 0.28 0.24

SD 0 100 0.08 0.07 0.07 0.08 0.10 0.09 0.10 0.09 0.08
200 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
500 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

22 100 0.10 0.11 0.11 0.11 0.14 0.14 0.14 0.14 0.11
200 0.07 0.07 0.07 0.07 0.09 0.09 0.09 0.09 0.07
500 0.04 0.04 0.04 0.04 0.05 0.05 0.05 0.05 0.04
1000 0.02 0.03 0.02 0.02 0.03 0.03 0.03 0.03 0.02

4 100 0.14 0.14 0.14 0.14 0.18 0.17 0.18 0.17 0.15
200 0.09 0.10 0.10 0.10 0.12 0.12 0.12 0.12 0.10
500 0.06 0.06 0.07 0.07 0.08 0.08 0.08 0.08 0.07
1000 0.05 0.05 0.05 0.05 0.06 0.06 0.06 0.06 0.05

RMSE 0 100 0.08 0.08 0.08 0.08 0.10 0.10 0.10 0.10 0.09
200 0.05 0.05 0.05 0.05 0.06 0.06 0.06 0.06 0.05
500 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
1000 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

22 100 0.11 0.13 0.12 0.12 0.17 0.16 0.17 0.16 0.13
200 0.07 0.08 0.08 0.08 0.11 0.10 0.11 0.10 0.08
500 0.04 0.04 0.04 0.04 0.05 0.05 0.05 0.05 0.04
1000 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

4 100 0.18 0.20 0.20 0.19 0.24 0.24 0.25 0.24 0.20
200 0.13 0.15 0.15 0.14 0.18 0.18 0.18 0.18 0.15
500 0.10 0.11 0.11 0.10 0.13 0.13 0.13 0.13 0.11
1000 0.08 0.08 0.08 0.08 0.10 0.10 0.10 0.10 0.09

GLS =global least squares path modeling, PLSL(¢) = Lohméller’s PLSPM with the centroid scheme, PLSE(f)
= Lohméller’s PLSPM with the factorial scheme, PLS"(p) = Lohméller’s PLSPM with the path weighting
scheme, PLSW(C) = Wold’s PLSPM with the centroid scheme, PLSW(f) = Wold’s PLSPM with the factorial
scheme, RGCCA(c) = RGCCA-PLSPM with the centroid scheme, RGCCA(f) = RGCCA-PLSPM with the
factorial scheme, and PLSH = Hwang et al.’s PLSPM
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SD and RMSE values than the other methods’ counterparts. GLSPM recovered path coefficients
better than or equally to the other methods. It resulted in unbiased estimates of path coefficients
in all conditions, whereas the existing methods yielded unbiased estimates when sample size
was large and/or the degree of component correlation was small. The SD and RMSE values of
the path coefficient estimates under GLSPM were smaller than those under the other methods
when r = 0.4. Consequently, under Mode A, GLSPM can be a suitable alternative to the existing
PLSPM methods.

On the other hand, under Mode B, GLSPM recovered all the parameters comparably to the
existing methods. The estimates of all the methods generally showed similar RB, SD, and RMSE
values across the conditions. Thus, in practice, it may be acceptable to employ any of the methods
to estimate parameters under Mode B.

All the existing limited-information PLSPM methods generally performed similarly to one
another under both modes, although Lohméller’s PLSPM tended to provide somewhat less biased
estimates in some conditions (e.g., r = .4). Accordingly, there may be little empirical prefer-
ence among the existing methods. This suggests that although Lohmoller’s algorithm does not
guarantee monotonic convergence, the algorithm may still be chosen for both Mode A and Mode
B. Moreover, under Mode A, it may be acceptable to apply RGCCA’s New Mode A to estimate
component weights and components in the first estimation stage, and subsequently standardize
the components and employ the standardized ones for estimating loadings and path coefficients
in the second stage. Wold’s PLSPM may also be employed under Mode A, although his algorithm
is not monotonically convergent in this case. As expected, under Mode B, Wold’s PLSPM and
RGCCA-PLSPM with the same scheme performed identically in all conditions, indicating that
RGCCA can subsume Wold’s algorithm as a special case in this case. This also suggests that
using different initial values between RGCCA and the other methods seemed to have little impact
on their relative performance. Lastly, choosing a different scheme in Lohmoller’s and Wold’s
algorithms and RGCCA did not lead to substantial differences in the results under both modes.

5. Real Data Analysis

The present example was part of the American customer satisfaction index (ACSI; Fornell,
Johnson, Anderson, Cha, & Bryant, 1996) database. The ACSI has been used for measuring
cumulative customer satisfaction, which represents the customer’s overall evaluation based on
her/his purchase and consumption experience with a product or service over time (e.g., Anderson et
al. 1994; Fornell, 1992). This example was consumer-level data collected in 2002, which included
the responses of 774 consumers to the service units (e.g., police, garbage pickup services, etc.)
within the US sector of public administration (N = 774).

Figure 3 displays the ACSI model. The ACSI model contains six constructs: customer expec-
tations (CE), perceived quality (PQ), perceived value (PV), customer satisfaction (CS), customer
complaints (CC), and customer loyalty (CL). Customer satisfaction is a focal construct and the
others are its antecedents and consequences. The structural relationships among these constructs
were well derived based on previous theories and studies (Fornell et al., 1996). The model includes
a total of 14 observed variables associated with the six constructs, as shown in Table 7. The mea-
sures and scales of the observed variables are described in Fornell et al. 1996. Conventionally,
PLSPM has been adopted for fitting the ACSI model (Anderson & Fornell, 2000; Fornell et al.,
1996; Johnson, Gustafsson, Andreassen, Lervik, & Cha, 2001).

Mode A has been chosen for estimating the components in the ACSI model (e.g., Fornell et
al., 1996). Thus, we applied GLSPM and Lohmoller’s PLSPM to the data, because as shown in
the simulation study, Lohmoller’s PLSPM performed similarly to or slightly better than the other
existing PLSPM methods. We used the same MATLAB code for GLSPM and SmartPLS (Ringle et
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TABLE 8.
Estimates of path coefficients and their standard errors (SEs) obtained from GLSPM and Lohmdéller’s PLSPM with the
path weighting scheme (PLSPML) for the ACSI model

GLSPM PLSPML
CE — PQ (by) 0.58 (0.03) 0.58 (0.08)
CE — PV (by) 0.12 (0.04) 0.12 (0.09)
CE — CS (b3) 0.03 (0.02) 0.04 (0.06)
PQ — PV (by) 0.65 (0.03) 0.65 (0.09)
PQ — CS (bs) 0.67 (0.03) 0.67 (0.08)
PV — CS (bg) 0.27 (0.03) 0.27 (0.09)
CS — CC (b7) —0.40 (0.04) —0.40 (0.10)
CS — CL (bg) 0.58 (0.03) 0.58 (0.11)
CC — CL (bo) —0.10(0.04) —0.10 (0.09)

al., 2005) for Lohmoller’s PLSPM. We used the path weighting scheme for Lohmoller’s PLSPM,
which is recommended over the other schemes (Chin, 1998; Vinzi et al., 2010), and employed
100 bootstrap samples for the estimation of standard errors for both methods.

Table 7 presents the estimates of component weights and loadings obtained from GLSPM
and Lohmoller’s PLSPM. Both methods resulted in quite similar estimates of the component
weights and loadings. This appears to be consistent with that in the simulation study, the two
methods generally provided unbiased estimates of these parameters when sample size was large
(e.g., N > 500). All their estimates were statistically significant and large in size. This indicates
that all the observed variables contributed to forming their components and the components in turn
explained their observed variables well. Nonetheless, both weights and loading estimates obtained
under GLSPM involved consistently much smaller standard errors than those under Lohmoller’s
PLSPM. This is also consistent with our finding in the simulation study that GLSPM tended to
provide more efficient estimates of component weights and loadings than the existing PLSPM
methods under Mode A.

Table 8 shows the path coefficient estimates obtained from the two methods. Again, both
methods resulted in almost identical path coefficient estimates, leading to the same interpreta-
tions. This seems to resonate the result of the simulation study that on average, Lohmoller’s
PLSPM tended to provide unbiased estimates of path coefficients when sample size was large. In
general, the interpretations of the path coefficient estimates were consistent with the relationships
hypothesized in the ACSI model. However, the standard errors of the path coefficient estimates
obtained under Lohméller’s PLSPM were consistently larger than those under GLSPM. Three
path coefficient estimates from Lohmoller’s PLSPM turned out to be statistically insignificant.
Specifically, customer expectations (CE) had statistically insignificant influences on perceived
value (PV) (b = 0.12, SE = 0.09) and customer satisfaction (CS) (b3 = 0.04, SE = 0.06),
and customer complaints (CC) had a statistically insignificant effect on customer loyalty (CL)
(bg = —0.10, SE =0.09). On the other hand, under GLSPM, only customer expectations (CE) had
a statistically insignificant impact on customer satisfaction (CS) (bs = 0.03, SE = 0.02). It would
be difficult to evaluate which method provided more accurate path coefficient estimates because
their parameter values are unknown. Nonetheless, GLSPM tended to provide more reliable esti-
mates of the path coefficients, which also appeared to be more congruent with the relationships
hypothesized in the ACSI. This is also consistent with that in the simulation study, the estimates of
path coefficients under GLSPM always had smaller standard deviations than those under the other
PLSPM methods, when the degree of component correlations was moderately large (r = 0.4).
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The correlation between CE and PQ was 0.58, which are independent variables for both PV and
CS in the structural model. The correlation between CS and CC was 0.4, which are independent
variables for CL.

6. Concluding Remarks

We proposed a full-information method for PLSPM, named GLSPM, where a single opti-
mization criterion is minimized via a simple iterative algorithm for estimating all parameters
simultaneously. The ALS algorithm for GLSPM is easy to implement and estimates the param-
eters optimally in the least squares sense. Thus, GLSPM completely addresses the enduring
technical issue of PLSPM—the absence of a clear single optimization criterion for estimating
all parameters at once under both Mode A and Mode B. Furthermore, it would be of theoretical
importance that the optimization criterion for GLSPM can be regarded as a block-wise special
case of the criterion for GSCA, contributing to a better understanding of the relation between
PLSPM and GSCA from algorithmic perspectives.

Our simulation study shows that under Mode A, GLSPM performed better than or equally to
the existing limited-information PLSPM methods in recovering parameters, while under Mode B,
it performed similarly to the existing ones. Our real data analysis additionally supported the results
of the simulation study under Mode A. Thus, as a whole, GLSPM can serve as an alternative to
the existing PLSPM methods because it is theoretically better defined and empirically performs
better than or comparably to the existing ones under both modes.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.
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