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GENERAL DISCUSSION ON SMALL SAMPLE SIZE
IN CONSISTENT PLS

ASYRAF AFTHANORHAN

ABSTRACT. An optimum sample size is an essential component of any research.
If a study does not have an optimum sample size, the significance of the results
may not be detected. This implies that the study would lack power to detect the
significance of differences because inadequate of sample size. There is some ve-
racity claim about the usefulness of Consistent PLS when research apply small
sample size. Therefore, this study is aimed to discuss particularly on how effec-
tive of Consistent PLS when using the small sample size. Based on evidences,
one can concluded that the Consistent PLS is not appropriate for the small size
and the researchers need to collect sufficient sample size to meet the minimum
threshold of statistical power. The recommendation for improvement also dis-
cussed.

1. INTRODUCTION

One of the most important asked questions of a research method is how large
a sample is needed for a specific research project (Maxwell, Kelley, and Rausch,
2008, cite20). As consequences, they refer Cohen (1992) [3], Israel (1992)
[15], Hair et al. [16], and Westland (2010), [26] approaches for determining
the appropriateness of sample size for their works. Sample size planning is
a vital aspect of research for those aspires to confirm their works using Null
Hypothesis Statistical Significance Testing (NHSST). Hence, one must use the
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correct approach for computing the sample size appropriate to the study design
and its subtype.

There are countless interpretation to describe the behavior of Type I and Type
II error rates. Type I error rate is defined when the result showed the effect is
statistically occurred in the sample but it is actually does not exist in the true
population which also could be considered as false positive. In contrast, Type II
error rate is inferred when the result showed the effect does not occurred in the
sample but it is actually exist in the true population which could be noted as false
negative (Goodhue et al., 2006 [12]; Dijkstra and Henseler, 2015 [7]; Aimran
et al., 2017 [1]; O’Brien and Castelloe, 2007 [23]; Ronkko and Evermann, 2013
[24]; Maxwell, Kelley, and Rausch, 2008 [20]; Nickerson, 2000 [22]).

The effects of both types of crucial error should be reduced if the researchers
interest to obtain accuracy in parameter estimates (Maxwell, Kelley, and Rausch,
2008 [20]; Cohen, 1994 [4]; Goodman and Berlin, 1994 [13]; Kelley and
Rausch, 2006 [17]) especially when using the confirmation technique.

Large sample size is generally leads to increase precision and accuracy when
estimating parameter values which usually need to have sufficient statistical
power (Cohen, 1994 [4]). Means that, high sample could reduce the risk of
crucial errors for obtaining accurate parameter estimates. This, however, in
some situations, this can result from the presence of systematic error or strong
dependence in the data when the sample is too large (Bartlett, Kotrlik, and
Higgins, 2001 [2]; Fugard and Potts, 2015 [10]; Francis et al., 2010 [9]).

After recognizing that the traditional PLS is not suitable for examining the
common factor model, there were many efforts to develop the alternative ap-
proaches as Consistent PLS for estimating measurement and structural model.
In particular, the Consistent PLS has an ability to estimate consistently on those
common factor models. In addition, Hair et al. (2016) [14] conjectured that
Consistent PLS is even useful for small sample size because it inherits the strength
of traditional PLS and thus is more benefited than of CBSEM. Apart from that,
Marcoulides and Saunders, 2006 [19], Goodhue, Lewis and Thompson (2012
) [11] believe that there is some "magic" in the PLS method that allows to obtain
the result with less than 100 of sample size.

This, however, the usefulness of Consistent PLS with small sample has never
being simply stated by the proponent of Consistent PLS (Dijkstra and Henseler,
2015 [7]; Dijkstra, 2010 [5]), instead, they claimed that more observations are
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needed to intensify the power analysis of Consistent PLS. The statement carries
the meaning that small sample cannot be performed with Consistent PLS, thus
indicates that future research should be devoted for this work.

2. FINDINGS

In this section, the researcher attempt to explore whether the behavior of
Consistent PLS can be useful for small sample size or not. By doing so, the
given formula addressed by Dijkstra (2010) [6] for factor loading is discussed.
By addressing on this statements, the reason of this study opting factor load-
ing is because this is the important part when dealing the measurement model.
Based on the previous literatures, the PLS has being improved by attenuating the
measurement error through Minimum Residual approach (MINRES) in order to
vanish the inconsistency estimates problem. As such, the veracity claim Consis-
tent PLS is may appropriate for small sample size is myth where this statements
are never claimed by any proponents themselves as followed.

yi = λiηi + εi ,

where yi is the vector of indicator is composed of at least two sub vectors (mea-
suring a unique latent variable and sub vector contains at least two compo-
nents). λ is the vector of factor loadings and the unobservable latent variable
η is real-valued, and ε is the vector of idiosyncratic error that have the same
dimensions as yi. At this stage, the vector of idiosyncratic error is included in
the vector of indicator where the real weight for vector of indicator cannot be
estimated accurately. In this essence, the factor loading with Consistent PLS is
may overestimated due to the presence of idiosyncratic error where the pure
error should be assessed

(2.1) Σii = Eyiy
T
i + Θi .

The latter has zero mean and unit variance. Based on this, Consistent PLS does
not able to run the model with missing value where the mean of this vector has
being set value as zero. The covariance matrix Σij of yi can be written as Equa-
tion (2.1). Θi is the covariance matrix of measurement error that is diagonal
with non-negative element (positive definite). With this restricted rule in covari-
ance matrix, one can be inferred that Consistent PLS may has Heywood Cases
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in certain situations where the traditional PLS did not (Dijkstra and Henseler,
2015 [7]). In this case, Consistent PLS may able to detect the mis-specified
model as this effect also occurred for CBSEM.

Σii = Eyiy
T
i = ρijλiλ

T
j ,

where ρij is the correlation between ηi and ηj. One of the reason why this ap-
proach being called as composite variable. The composite is not only inheriting
the measurement error but also dependent on the correlation between variable
to produce the covariance matrix. As a consequence, the way this approach
has being accounted is similar to item-total correlation in the case of reliability.
Other than that, Dijkstra attempt to reduce the effects of measurement error
by maximizing the reliability of indicators. Therefore, Dijkstra and Henseler
(2015) [7] proposed a new reliability to make sure this reliability is compa-
rable as composite reliability when assessing the measurement model. In the
first place, the sample data should be assumed to be standardized before being
analyze and eventually the observed data has zero mean and variance.

(2.2) w̄i =
∑

j∈C(i)

signij. Sij w̄j .

In the assessment of measurement model, Consistent PLS use the mode A
algorithm generally as it was verified as the most stable algorithm (Lohmoller,
2013 [18]). Because the algorithm converges very fast for estimate the weight
vector (for example, for the model analyzed in this thesis, the iteration needed
are less than the CBSEM). With these weights (see Equation (2.2)), sample
proxies are defined for the latent variable or construct with the same dimension
as yi. Since of the probability limit is approaching to one when the sample size is
large, the model will converge with a probability tended to one (Dijkstra, 1983;
Dijkstra, 2010 [5,6]). Means that, if the small sample size is utilized, the model
will be fail to converge arbitrary to one. Using these weights, the factor loading
of the corresponding latent variables are used.

(2.3) w̄i =∝
∑

j∈C(i)

signij

∑
ij

w̄j =
∑

j∈C(i)

signij.ρijλiλ
T
j w̄j .

Equation (2.3) shows the probability limit for vector of weight that can be de-
rived from Equation (2.2). Based on this equation, w̄ is directly proportional to
λi. Because of the unit variance, the proportionality constant has to be such that
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w̄T
i

∑
ii w̄i = 1 This entails that:

(2.4) w̄i = λi ÷ (λTi
∑

ii
λi)

1/2 .

Finally, the factor loading can be estimated directly using of this scalar. As can be
seen at the Equation (2.4), scalar vector is not well-defined for the small sample
size (Dijkstra and Henseler, 2015) where the loading will always have overes-
timated. Other than that, if the pairs of error of the same block are suspected
to be correlated (check their VIF), one can delete corresponding terms both nu-
merical and denominator. Unfortunately, there is no close form for minimizing
the Euclidean distance after re-specify the model. Therefore, the estimated val-
ues may deviate from the true values. As a consequence, this study summarized
the output from three models for small sample size for verification.

Ci =

[
w̄T

i (Sii − diag(Sii))w̄i

w̄T
i (w̄iw̄T

i − diag(w̄iw̄T
i ))w̄i

]
.

3. DISCUSSION ON SMALL SAMPLE SIZE

After recognizing that traditional PLS is unsuitable for examining the common
factor model, there have been some efforts to develop alternative approaches as
Consistent PLS for estimating measurement and structural model. In particular,
the Consistent PLS has an ability to estimate consistently on those types of mod-
els. In addition, Hair et al. (2016) [14] conjectured that Consistent PLS is useful
even for small sample size as traditional PLS which one could address that this
novel approach is more benefited than of CBSEM. In the case of small sample,
we have recently been witnessing the performance of Consistent PLS which ex-
plicitly not competent as they are. This marketing effort has been extremely
demonstrated with the usefulness of consistent PLS by Hair et al. (2016) in
A Primer on Partial Least Square Path Modeling and Advance Issue in PLS-PM
(Hair et al. 2016). Concurrently, however, many researchers, including some
paper about method appear to have forgotten that Consistent PLS is not equiv-
alent to traditional PLS.

The question of whether Consistent PLS is suitable for small sample size as
recommended by that literature is not useful, because the proponent of Consis-
tent PLS clearly explain that it is not able for that sample (Dijkstra and Henseler,
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2015; Dijkstra, 2010; Dijkstra and Schmerlleh-Engel, 2014 [8]). In earlier dis-
cussion, the formula for Consistent PLS is addressed, appear that positive bias of
indicator loadings are indeed existing with Consistent PLS. At the same time, the
result showed that the scalar vector is not well-defined for small sample but it
is sufficient for large samples (Dijkstra and Schmerlleh- Engel, 2014) regardless
of the quality indicators.

The most common capabilities that researchers usually want in SEM tech-
niques are the ability to estimate the model with small sample size, as well
as no stringent assumptions (Shah and Goldstein, 2006 [25]; Mohamad et al.,
2019 [21]). Based on this finding thus far, it is clear that Consistent PLS does
not provide these capabilities.

For this examples, at small sample, the Consistent PLS yield large standard er-
ror than CBSEM when detecting less complex model, lack of discriminant when
applied under Fornell and Larcker criterion, SRMR index always failed, parame-
ter estimates of path coefficients are biased, and low statistical power. Moreover,
when detecting for the parameter accuracy (i.e., indicator loadings and con-
struct correlations), the Consistent PLS is not permissible under all conditions
but remain acceptable for theory testing because the presence of consistency
estimates. Therefore, simply stated Consistent PLS is useful for small sample
to place the technique becoming more and more pronounced in management
research can undeservedly enhance its reputation merely by association.

Consistent PLS as an alternative to CBSEM technique for small sample not
only obscures what the method actually does and implies capabilities it does
not have, but also leads to omission of erroneous analyses that could be affect
wholly research specific project. At best, the researchers should collect suffi-
cient data to avoid this problem (Ronkko and Evermann, 2013 [24]) because
more observation are required to obtain more information from the samples
(Westland, 2015). Thus, the power analysis could be enhanced if using more
observation in the case of Consistent PLS context (Dijkstra and Henseler, 2015).
Another potential useful option is to extend the use of two stage least square
estimator (2SLS) which making this estimator is permitted for recursive model
as well to estimate consistent parameter estimates
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