DIGITALEL ARCHIU

ZBW - Leibniz-Informationszentrum Wirtschaft
ZBW - Leibniz Information Centre for Economics

Oamen, Theophilus Ehidiamen

Article

Competing confirmatory factor analysis models in
management research : bifactor modeling of the
employee work assessment tool

Management dynamics in the knowledge economy

Provided in Cooperation with:

National University of Political Studies and Public Administration, Bucharest

Reference: Oamen, Theophilus Ehidiamen (2024). Competing confirmatory factor analysis models in
management research : bifactor modeling of the employee work assessment tool. In: Management
dynamics in the knowledge economy 12 (2/44), S. 101 - 115.
https://www.managementdynamics.ro/index.php/journal/article/download/600/493.

doi:10.2478/mdke-2024-0007.

This Version is available at:
http://hdl.handle.net/11159/654070

Kontakt/Contact

ZBW - Leibniz-Informationszentrum Wirtschaft/Leibniz Information Centre for Economics

Disternbrooker Weg 120
24105 Kiel (Germany)
E-Mail: rights[at]zbw.eu
https://www.zbw.eu/

Standard-Nutzungsbedingungen:

Dieses Dokument darf zu eigenen wissenschaftlichen Zwecken

und zum Privatgebrauch gespeichert und kopiert werden. Sie
dirfen dieses Dokument nicht fiir 6ffentliche oder kommerzielle
Zwecke vervielféltigen, 6ffentlich ausstellen, auffiihren, vertreiben
oder anderweitig nutzen. Sofern fiir das Dokument eine Open-
Content-Lizenz verwendet wurde, so gelten abweichend von diesen

Nutzungsbedingungen die in der Lizenz gewdhrten Nutzungsrechte.

-. https://savearchive.zbw.eu/termsofuse

=2 B Leibniz-Informationszentrum Wirtschaft
[ . Leibniz Information Centre for Economics

Terms of use:

This document may be saved and copied for your personal and
scholarly purposes. You are not to copy it for public or commercial
purposes, to exhibit the document in public, to perform, distribute

or otherwise use the document in public. If the document is made
available under a Creative Commons Licence you may exercise further
usage rights as specified in the licence.

Mitglied der

Leibniz-Gemeinschaft ;’


https://savearchive.zbw.eu/
https://www.zbw.eu/
http://hdl.handle.net/11159/654070
mailto:rights@zbw-online.eu
https://www.zbw.eu/
https://savearchive.zbw.eu/termsofuse
https://www.zbw.eu/

sp,

! * |National University of Political Studies and Public Administration

*
,* | Faculty of Management
*

ot

Dy

§ sciendo

'R

Competing Confirmatory Factor Analysis Models in
Management Research: Bifactor Modeling of the
Employee Work Assessment Tool

Theophilus Ehidiamen OAMEN1
1Texila American University, 641038, Georgetown, GY; "/ oamentheo.yahoo.com

Abstract: Management researchers often use structural equation modeling to analyze data from
questionnaire-based instruments. Usually, confirmatory factor analysis (CFA) is applied to
confirm the hypothesized or theorized factor structure of the instrument. Most authors adopt a
single CFA model without comparing it against other potentially valid models (general factor,
correlated factor model, second-order hierarchical model, and bifactor model). Hence, the
dimensionality and reliability of constructs using bifactor modeling to validate latent scores are
often ignored. Also, this gap is widened by no unanimous agreement on the use of post hoc
modification of CFA models to support fit to the data in covariance-based structural equation
modeling (CB-SEM). The objective of the study was to explore model fit, dimensionality, and
reliability of the Employee Work Assessment Tool (EWAT) using competing CFA models. The
study used a published dataset on the EWAT instrument to illustrate the assessment of the
dimensionality and model-based reliability of the tool using CB-SEM. Results showed that CFA
statistics of the bifactor model were most adequate for the instrument (x2=70.053, df=19,
RMSEA=0.082 [90% confidence interval; 0.062, 0.103], SRMR=0.036, CFI=0.963). The bifactor
model ancillary measures supported the unidimensional structure of EWAT with justification for
the use of total scores. The study concludes that the instrument is best described and applied as a
unidimensional construct, and therefore, a single score can be used to rate employees’
perceptions of their work conditions. The study presents both practical implications for
management researchers and simplified reporting for bifactor modelling.

Keywords: bifactor model; general factor model; correlated factors model; hierarchical second
order model; confirmatory factor analysis; dimensionality; structural equation modelling.

Introduction

The current trend in statistical analytical procedures in the management sciences
commonly deploys the use of structural equation modeling in the form of partial least
squares structural equation modeling (PLS-SEM) and covariance-based structural
equation modeling (CB-SEM) (Hair et al, 2017). These methods have significantly
improved the analysis of data including data obtained from self-reported questionnaires.
In management research, researchers often use questionnaires as their instrument of
choice to measure constructs, phenomena, and issues of interest. Constructs are derived
or forged from the conceptualizations of the researcher based on theory to capture a
desired meaning, research context, and/or goal (Oamen, 2023; Schuberth, 2021). They
are not directly observable and therefore, are measured using observable variables or
indicators. Usually, the core meanings of the constructs are embedded in indicators or
measurement items that convey their meaning (Hair et al., 2017).

In psychometrics, they are also referred to as common factors since the measurement
items or indicators used to measure them are derived based on the conceptualization of
the researcher. In developing an instrument, the researcher may desire to test if the
indicators measure the constructs they are supposed to measure, thereby informing the
use of confirmatory factor analysis (CFA). CFA modeling is used to determine the
construct validity of the factor structure of the instrument, CFA modeling is easily
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achieved using both CB-SEM and PLS-SEM for convergent and discriminant validity of
the constructs used (Hair, et al.,, 2019; Henseler et al., 2015). Furthermore, Sarstedt et al.
(2024) argued that reproducibility of results from research models developed using
structural equation modeling and reliability of such findings by researchers is critical to
avoid erroneous inferences and conclusions by management practitioners and
policymakers. Hence, they recommended that when a choice is to be made among
alternate or competing models, such evaluation should be critical, methodological and
properly reported to avoid ambiguity in interpretation of results.

Presently, a large number of published studies utilize correlated and hierarchical higher-
order CFA models to evaluate the measurement qualities and attributes of research
questionnaires using structural equation modeling (Hair et al, 2019; Henseler et al,,
2015; Oamen, 2023). CFA studies are statistical procedures to explore the underlying
theoretical structures for defined measurement items presumed to measure one or more
dimensions (Dunn & McCray, 2020; Gegenfurtner, 2022). CFA modeling achieves two
main objectives; first, it enables the researcher to identify observed variables that do not
sufficiently measure the construct. Secondly, it gives the researcher information on the
probable factor structure of the model showing the sets of indicators explaining each
construct (Gegenfurtner, 2022).

CFA models in management studies may be presented as a general factor, correlated
factors models, or hierarchical or second-order models which present some inherent
limitations. Whilst the general factor is limited to all indicators measuring a singular
construct; the correlated factors model measures multiple constructs and excludes the
possibility of a single-dimensional construct; the second order or hierarchical model
does not support the independent assessment of specific and general factors or
constructs (Savahl et al, 2023). The bifactor model resolves and addresses the
limitations of the other CFA models. This is due to its ability to simultaneously estimate
both the general and specific factors or constructs (Gegenfurtner, 2022; Torres-Vallejos
et al, 2021; Zhang, et al., 2021). In other words, bifactor models give justification for a
general factor and hence make a case for the use of total scores, and/or justify the use of
independent scores for multiple factors explaining different aspects of general factor
(Byllesby & Palmieri, 2023; Canivez, 2016; Reise, 2012; Torres-Vallejos et al.,, 2021).

In management research, during the analysis of self-reported data, researchers are faced
with the question of whether a group of indicators can be measured by a single construct
(that is, unidimensional), and/or by multiple constructs (multidimensional). This implies
that a total summated score in the case of a unidimensional construct or specific scores
of facets of a construct is applied with confidence. This necessitates the evaluation of
competing CFA models such as the general factor, correlated factor model, second-order
hierarchical model, and bifactor model. However, according to Canivez (2016) and Reise
(2012), researchers may be faced with the uncertainty of which CFA model adequately
determines the dimensions (unidimensional, multi-dimensional, or in-between) for a
measurement scale. This justifies the use of competing CFA models, in particular, the
bifactor model to address the issue of dimensionality and reliability (Luo & Al-Harbi,
2016).

The study explored the dimensionality and model reliability of the previously developed
employee work assessment tool using competing models (a general factor model, a
correlated two-factor model, a second-order model, and a bifactor model) using CB-SEM.
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Literature review
Review of competing CFA models

Constructs or factors are measured by indicator items and may be unidimensional or
multidimensional in nature. According to Reise, Moore, and Haviland (2010), CFA
attempts to define the factor structure of an instrument which more often than not, is
multi-dimensional. This assertion gives reasoning to the relevance of determining the
actual unidimensionality, or perhaps multidimensionality of the instrument by exploring
competing CFA models. There are four commonly used CFA models-general factor,
correlated factors model, second-order hierarchical model, and bifactor model. A general
factor model is made up of one general construct and the indicator items measuring it. In
other words, all the indicators correlate and converge on a single factor; hence, it is
unidimensional in nature with straightforward interpretation (Canivez, 2016;
Gegenfurtner, 2022) (Figure 1). In the case of the correlated factors model, the factors or
sub-constructs are not independent, and hence correlation exists between the multiple
factors, thus, interpretation from the correlated factors model is not straightforward due
to shared variance between the factors (Canivez, 2016; Reise, 2012; Tabachnick & Fidell,
2007) (Figure 2). Second-order factor models are derived from the correlated factors
model as a higher-order or hierarchical factor model in which the correlated factors
form a general or common factor known as a second-order factor (Savahl et al., 2023).

The second-order factor formed from the first-order factors is such that its (that is,
second-order factor) influence on the indicators is implied and indirect (Canivez, 2014;
Gignac, 2008) (Figure 3). However, a major shortcoming of the second-order or
hierarchical model is that the second-order construct is indirectly inferred or measured
by the indicator items or subscales. The fallout is that the relevance or meaning inferred
from the first-order construct compared to the general and correlated factors models
which are directly linked (Canivez, 2016). Another drawback is that the constructs in the
correlated factors model and second-order hierarchical models, tend to show high
intercorrelations (greater than 0.3). This raises the question of whether the constructs
are actually measuring different subdomains or merely measuring one general construct
(Tabachnick & Fidell, 2007).

Finally, the bifactor model is made up of a general factor directly linked to the indicator
items and uncorrelated group factors (specific group factors) which are directly linked to
the indicators related to them. That is, each indicator has a path from its group factor
and one path from the general factor. The parsimonious and less ambiguous nature is
such that the general factor and specific group factors are linked to the indicators
(Canivez, 2016; Chen, Hayes, Carver, Laurenceau, & Zhang, 2012; Gignac, 2008) (Figure
4). From the literature, bifactor analysis is recommended to provide needed guidance on
the dimensionality of a measurement model. Bifactor models provide evidence of the
presence or absence of unidimensionality of the instrument as well as to determine if the
specific factors or constructs are measured by their indicators (Canivez, 2016; Gignac,
2008; Torres-Vallejos et al,, 2021). Hence, for a holistic analysis of an instrument, it is
advisable to complement bifactor analysis using other unidimensional and
multidimensional CFA models (Reise, Morizot, & Hays, 2007; Zhang et al., 2021).

Bifactor models for dimensionality and reliability estimation of instruments

Bifactor models are acknowledged to be the best strategy to identify and determine the
feasibility of an instrument’s dimensionality- whether unidimensional or
multidimensional, that is, determine if the measurement items or indicators are
measuring a single construct or specific sub-constructs or factors (Canivez, 2016; Gignac,
2008; Luo & Al-Harbi, 2016; Reise, 2012; Ventura-Leon et al., 2021; Zhang et al.,, 2021).
Thereby, the feasibility of using total scores of all indicator items in the case of
unidimensional models, and specific factor scores for multidimensional constructs is
attained (Canivez, 2016; Reise, 2012). Bifactor models are unique in three main ways; 1)
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they are used to assess if a measurement model uses either general factors or specific
factors on a group of indicators. 2) Bifactor models address the issue of scoring into total
scores representing a general factor and/or scores of the specific factors, hence the
requirement to confirm dimensionality through statistical modeling with structural
equation modeling (Byllesby & Palmieri 2023; Reise, 2012; Ventura-Leon et al., 2021). 3)
Ancillary bifactor measures are used to provide model-based reliability for good-of-fit
statistics to the CFA measurement models. In other words, the goodness of fit measures
such as root mean squared error of approximation-RMSEA, comparative fit index-CFI,
and standardized root mean residual-SRMR from CFA, are not sufficient to establish or
confirm dimensionality because good-of-fit tends to favor bifactor models compared to
other competing models (Bonifay, Lane, & Reise, 2017; Dueber, 2017; Gignac, 2008).

Ancillary or supporting indices are used because the conventional Cronbach alpha test of
internal reliability gives poor estimations of specific and general factors in a bifactor
model (Chen et al, 2012). Ancillary bifactor measures cover two broad areas; 1)
Dimensionality measures (explained common variance-ECV; Individual explained
common variance-IECV, percentage of uncontaminated correlations-PUC, Average
relative parameter bias-ARPB), and 2) model reliability (omega coefficient-w, omega
coefficient for specific factors-wS, omega hierarchical-wH, omega hierarchical for
subscale-wHS, percentage of reliable variance-PRV, construct replicability-H, and factor
determinacy-FD) (Canivez, 2016; Reise, 2012; Rodriguez, Reise, & Haviland, 2016).

Critique of EWAT instrument

The current measurement model of the EWAT research instrument is a correlated
factors model with two specific constructs for 9 measurement indicators or items. The fit
of the model was obtained using modification indices which informed the correlation of
error terms within constructs based on theoretically guided relationships (Oamen, 2021;
Oamen, Idiake, & Omorenuwa, 2022; Oamen, Omorenuwa, & Moshood, 2022). This post
hoc adjustment was deemed necessary because of the poor fit indices of the initial
measurement model. A comparison of the studies by Oamen (2021), and Oamen et al.
(2022a) showed that the model fit characteristics CFI=0.990, RMSEA=0.040 vs.
CFI=0.953, RMSEA=0.084, gave mixed results in terms of difference between both post
hoc correlated factor models (ACFI=0.006, ARMSEA=0.044) based on the
recommendations of Cheung and Rensvold (2002; CFI > .01) and Chen (2007; RMSEA
>0.015). Although the modifications were based on sound theoretical justifications or
underpinnings (Cole, Ciesla, & Steiger, 2007; Collier, 2020), researchers (Landis,
Edwards, & Cortina, 2010; Tomarken & Waller, 2003) argue that the post hoc practice of
modification indices tend to alter the true inherent nature of the model, fails to address
the core reasons for misfit, and the practice implies the use of chance to achieve desired
model fit. This argument necessitated the need for a re-evaluation of the model in
comparison to other CFA models as suggested by Reise et al. (2007). However, Landis et
al. (2010) posited that a special case can be made for the use of modification indices for
models where constructs are measured longitudinally.

A major focus of the study is that it attempts to answer the question of whether the
EWAT instrument can be empirically tested to be valid and reliable using bifactor
statistical modeling as: a) a single (unidimensional) construct, hence warranting the use
of latent score for the overall construct of employee perception of the work conditions;
b) several constructs or multidimensional, for example, a correlated two-factor model or
hierarchical second-order model with specific factors D1 and D2 which independently
measure facets of the instrument. Therefore, individual scores for D1 and D2 are
considered applicable and thus, a single sum score representing D1 and D2 is not
appropriate; c) a bifactor model that supports possible dimensionality of the general
factor, and specific factors associated with the measurement items and d) to confirm the
reliability of the empirically selected dimension using ancillary bifactor indices (see
Figures 1, 2, 3, 4).
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The overarching principles behind the dimensionality debate are essentially two-
pronged:

1. The dimensionality of a research instrument is analogous to putting a square
peg in a square hole and NOT a round peg in a square hole. In other words, instruments
must be appropriately dimensioned so that the scores derived from them have
meaningful relevance to managerial decisions

2. Ensuring the dimensionality of an instrument is critical to guarantee the
applicability of the scores derived from empirical research instruments does not
misguide decision-makers or policymakers. For instance, treating disability score as a
single dimension or factor, when it could have been measured by several scores covering
other facets of the construct.

Figure 1. General factor model with standardized coefficients for the Employee Work
Assessment Tool
Source: own processing

0.497

0.632

\

Figure 2. Correlated factors model with standardized coefficients for the Employee Work
Assessment Tool
Source: own processing
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Figure 3. Hierarchical or second-order factor model with standardized coefficients for the
Employee Work Assessment Tool
Source: own processing

Figure 4. Bifactor measurement model with standardized coefficients for the Employee Work
Assessment Tool
Source: own processing

Key to Figures 1 to 4:

WT-availability of work tools: AT-regular training: IR-availability incentive and remuneration
scheme: IT-impactful training: RS-attractive reward system: MS- marketing support: JS-Job
security: WL-work-life balance: CO-career opportunities: D1- first specific factor: D2-second
specific factor, and G-general factor
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Research methods
Study design and participants

To achieve the goal of comparing the competing CFA models, a dataset from recently
published studies that developed the parsimonious self-reported employee work
assessment tool (EWAT; Oamen, 2021; Oamen et al.,, 2022a; Oamen et al., 2022b) was
used. The goal of the research instrument is to measure employee's perception of their
working conditions. The short-form survey instrument has a total of 9 measurement
items and is measured on a 3-point ordinal Likert scale of 1=poor, 3=fair, and 5 for good.
From the initial construction and validation of the study, a correlated two-factor model
was obtained; D1 (Work conditions with 6 indicators) and D2 (Implied working
conditions with 3 items) with acceptable model fit after correlating error terms based on
suggestions from modification indices output and theory. Construct validity measures-
convergent and discriminant validity values of the instrument were within acceptable
limits (Oamen, 2021; Oamen et al., 2022a). A total sample of 401 sales and marketing
staff from over 20 pharmaceutical companies in Nigeria were used for the analysis. CB-
SEM using analysis of moment structures (Arbuckle, 2016) with the maximum likelihood
estimation method was used to develop and evaluate the competing CFA models. In
analyzing data using CB-SEM, the global fit statistic-X? difference test tends to yield
significant p-values because the method is sensitive to large sample sizes above 200.
Therefore, absolute fit indices such as root mean error of approximation (RMSEA),
Standardized root mean residual (SRMR), and comparative fit index (CFI) were used
(Vandenberg, 2006). Ancillary or supporting bifactor measures of dimensionality and
model-based reliability were computed using the online software tool called BifactorCalc
developed by Ventura-Leon et al. (2021).

Measures of EWAT instrument

The measurement items were availability of work tools (WT), regular training (AT),
availability incentive and remuneration scheme (IR), impactful training (IT), attractive
reward system (RS), and marketing support (MS) forming the specific construct or factor
(Work factors-D1). Also, Job security (JS), work-life balance (WL), and career
opportunities (CO) formed the second specific factor (Implied factors-D2) (Oamen, 2021;
Oamen et al., 2022a; Oamen et al., 2022b). Based on the objective of the study, four CFA
models were developed: a general factor model, a correlated two-factor model, a second-
order model, and a bifactor model according to the recommendation of Reise et al.
(2007).

Dimensionality measures of the bifactor model

To determine whether the adopted model (best fitting) is unidimensional,
multidimensional, or otherwise, ancillary measures from BifactorCalc (Ventura-Leon et
al, 2021) can be generated. Dimensionality is determined using explained common
variance-ECV (>0.85 threshold), if ECV is below 0.85 implies that the general factor
explained less than 85% of item ECV. ECV above 0.85 suggests adequate
unidimensionality of the instrument to necessitate a single-factor model (Stucky &
Edelen, 2015). Individual extracted common variance-IECV of indicator items
(IECV<0.5), IfIECV is below 0.5, it means an item measures the specific factor better than
the general factor. IECV is an index of unidimensionality (Reise et al., 2010). Absolute
relative parameter biases-ARPB (<10-15% threshold) when above 10% implies that the
instrument is multidimensional based on the comparison of the general factor from the
bifactor model and the unidimensional model. While ARPB values below 10% suggest
adequate unidimensionality of the instrument. Finally, the percentage of
uncontaminated correlations (PUC) indicates if the structural coefficients are not
contaminated by multicollinearity. Instruments with more specific factors and fewer
indicator items tend to have high PUC values (Reise, Bonifay, & Haviland, 2013). PUC
values above 0.8 are strongly indicative of unidimensionality. PUC values below 0.8
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require ECV>0.6 to substantiate unidimensionality. Definition of indices of
dimensionality are defined and explained mathematically in detail by Canivez (2016),
Rodriguez et al. (2016), and Ventura-Leon et al. (2021).

Reliability measures of the bifactor model

In bifactor models, it is essential to determine the reliability of the general factor
dimension and the specific factors dimension/s without the influence of others (that is,
either the general factor or the specific factors) (Brunner, Nagy, & Wilhelm, 2012;
Canivez, 2016; Zinbarg et al., 2006). In other words, they provide evidence that the total
and subscale scores of a research instrument truly represent the target constructs of
focus. Furthermore, model-based reliability measures support the use of structural
equation modeling to generate latent cores, or summated scores from all the items
measuring the construct can be used. Several measures are typically used namely Omega
(w) measures the reliability of total and subscale scores.

Omega hierarchical (wH) with a range set at 0.5 to 0.75 is the reliability of a specific
target construct with others (other constructs and general factors) removed (Canivez,
2016; Reise, 2012; Reise et al,, 2013). wH is the measure of the reliability of the total
score. Omega Hierarchical subscale (wHS) measures the reliability of the subscale scores.
Generally, when the value of wHS is < 0.5, it indicates that the influence of the general
factor on the variance of the specific factor is large, hence validating unidimensionality.
Construct replicability (H) is a measure of the adequacy of the indicator items measuring
or defining a latent construct. A value of H>0.7 is an index of adequacy of the items
measuring the construct (Dominguez-Lara, 2016). Factor determinacy (FD) indicates the
assurance of obtaining similar factor scores from a construct. Acceptable FD values
range from 0.8 to 0.9 and support the estimation of the general factor score (Grice, 2001;
Gorsuch, 1983). The percentage of reliable variance (PRV) with the value set at >0.75 is
an indication of the variance caused by the general factor (Hammer et al., 2018). Again,
the definition of reliability indices are defined and explained mathematically in detail by
Canivez (2016) and Ventura-Leon et al,, (2021).

Results

As shown in Table 1, the interpretation of the CFA statistics of the competing CFA models
is straightforward; only the bifactor model had acceptable fit measures (RMSEA<0.08,
SRMR<0.06, CFI<0.95) based on the recommendations of Hu and Bentler (1999) and
Kline (2016). Interestingly, the fit of the correlated factors model was identical to that of
the second-order hierarchical model. This is majorly due to the strong correlation
(B=0.815) between the two specific factors D1 and D2 (see Figures 1 and 3). This high
correlation coefficient among the oblique or correlated factors D1 and D2 informs the
development of a second-order construct or general factor found in the second-order
hierarchical model (Canivez, 2016; Thompson, 2004).

Table 1. Analysis of fit statistics of competing CFA models

CFA Model X2 df RMSEA [90% C.I] SRMR CFI
Unidimensional factor | 252.267 27 0.144 [0.128,0.161] 0.0732 0.835
Correlated Factors 228.317 26 0.139[0.123, 0.156] 0.0691 0.852
Second Order 228.317 26 0.139[0.123, 0.156] 0.0691 0.851
Bifactor 70.053 19 0.082 [0.062, 0.103] 0.0357 0.963

Note: C.I=confidence interval, CFA=confirmatory factor analysis, RMSEA=root mean error of approximation,
SRMR=standardized root mean residual, CFI=comparative fit index, x2=chi-square, df=degrees of freedom

Source: own processing

Therefore, since the bifactor model was chosen based on its most acceptable model fit
characteristics, the ancillary bifactor measures for dimensionality and model-based
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reliability should then be assessed (Brunner et al., 2012; Canivez, 2016; Zinbarg et al.,
2006) (Table 2).

Table 2. Dimensionality measures of EWAT

Factor Measure | Obtained Value | Reference value Inference
General factor (G) ECV 0.820 >0.80 Unidimensional
Specific factor (D1) ECV 0.190 >0.80 Unidimensional
Specific factor (D2) ECV 0.140 >0.80 Unidimensional
Indicator items IECV 6 items>0.85 > (.85 Unidimensional
General factor (G) PUC 0.500 >0.80 *Mixed
G. vs. Unidimensional | ARPB 0.060 <10-15% Unidimensional

Note. *Mixed refers to equal (50%) unidimensionality and (50%) multidimensionality, ECV=explained common variance,
IECV=individual explained common variance of indicator items, PUC=percentage of uncontaminated variance, ARPB=average
relative parameter bias

Source: own processing
Assessment of dimensionality of EWAT

As presented in Table 2, as regards the dimensionality of the EWAT instrument, the ECV
for the general factor was 0.82 which implies that the general factor (D) explains 82% of
the variance of the items; this is indicative of a tendency towards unidimensionality
(ECV>0.8). Furthermore, the ECV for specific factor D1 and specific factor D2 has values
of 0.19 and 0.14 respectively. This means that specific factors D1 and D2 respectively
account for 19% and 14% of the common variance in the general factor. Similarly, an
analysis of the IECV of the measurement items revealed that 6 items out of the 9-WT, IR,
MS, RS, WL, and CO were strongly influenced or affected by the general factor (G), that is,
they are very strong measures of the general factor (with IECV above 0.85 benchmarks)
(Table 3).

Table 3. Model-based reliability measures of EWAT

Factor Measure Obtained Value Reference value
General factor (G) W 0.880* > 0.80
Specific factor (D1) W 0.890* >0.8
Specific factor (D2) wS 0.120 >0.8
General factor (G) wH 0.800* 0.5t00.75
Specific factor (D1) wHS 0.120 wHS>0.5 indicates multidimensionality
Specific factor (D2) wHS 0.070 wHS< 0.5 indicates unidimensionality
General factor (G) PRV 0.910* >0.75
Specific factor (D1) PRV 0.140 >0.75
Specific factor (D2) PRV 0.130 >0.75
General factor (G) H 0.880* >0.7
Specific factor (D1) H 0.480 >0.7
Specific factor (D2) H 0.120 > 0.7
General factor (G) FD 0.920* > 0.8-0.9
Specific factor (D1) FD 0.720 >0.8-0.9
Specific factor (D2) FD 0.380 >0.8-0.9

Note: w=0mega, wS=0Omega subscales, wH=0mega Hierarchical, wHS=0Omega Hierarchical subscales, PRV=Percentage of
reliable variance, H=Construct replicability, FD=Factor determinacy

Source: own processing

Also, the PUC value was 0.5 which implies that 50% of the correlations were
contaminated by multidimensionality, and thus. 50% of the correlations were explained
by the general factor (G). However, based on Reise et al. (2013), when PUC is below 80%,
but obtained ECV for the general factor is > 80% and wH is above 0.7, the presence of
multidimensionality (contamination) is not overwhelming to disqualify the
interpretation of unidimensionality. The ARPB was 0.06 which suggests that the
disparity or difference between the factor loadings of the general factor of the bifactor
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model, and that of the unidimensional model is only 6% (acceptable range-ARPB=<10-
15%). In conclusion, the aforementioned indicators of dimensionality (ECV, IECV, PUC,
and ARPB) essentially describe or conceptualize the EWAT instrument as primarily a
Unidimensional Instrument regardless of the presence of some multidimensionality.
This implies that the total score of all the items can be used to score or rate employee
perception of their work environment.

Assessment of reliability of EWAT

As presented in Table 3, the w of the instrument was 0.88 indicating high reliability of
total score while the (wS) for specific factors (D1) and D2 were 0.89 and 0.12
respectively, which are indicative of acceptable and low reliability respectively. The wH
of the general factor was 0.80 which indicates that the general factor (D) compared to
specific factors D1 and D2 account for the majority of variance in the model (baseline
wH>0.80). Hence, affirms the total scores of the instrument as basically unidimensional.
In this regard, the wHS for specific factor D1 is 0.12 and D2 is 0.07 which can be
considered low consistency of the specific factors based on the recommendations of
Smits et al., 2014 (wHS = .30 is substantial; 0.20 < wHS < 0.30 is moderate and wHS <
0.20 is low). The PRV of 0.91 indicates that 91% of the reliable variance is due to the
general factor and only 14% and 13% of the reliable variance to the specific factors (D1-
0.14 and D2-0.13). The H coefficient is equal to 0.88 in the general factor, which implies
stability while the specific H for D1 (0.48) and D2 (0.11) were less than 0.70, providing
evidence in favor of the general factor. Finally, the FD for the general factor is 0.92 and
the two specific factors are 0.72 and 0.38 respectively, indicating that only the general
factor score should be used for the analysis.

Discussions

This study was based on the recommendations of Canivez (2016) and Reise et al. (2008),
comparing at least 2 or more competing models to obtain the best-fitting model, and
confirm the dimensionality, and reliability of the EWAT instrument. An important
finding of this study is that competing CFA models reduce the tendency for the
researcher to achieve optimal model fit by drawing correlations between error terms
based on the information suggested from post hoc modification indices available in CB-
SEM software (LISREL, AMOS). This finding is in sync with the argument of Tomarken
and Waller (2003), as well as Landis et al. (2010) that CFA models should be retained as
they are. Rather, the model that best fits the data should be estimated in line with the
empirical and theoretical underpinnings of the study. Based on the bifactor model
examined and identified as the best-fitting model, the concern of replicability of the
measurement model can be addressed (Ventura-Leon et al., 2021).

Furthermore, the study substantiated the use of bifactor models to explain the scale
dimensionality and model reliability of the EWAT instrument (Tables 2 and 3).
Compared to the initial correlated factors model for EWAT, the bifactor model improved
the instrument in two aspects- a) the bifactor model had better-fit statistics, and b) the
bifactor model substantiated the use of a single factor score to measure employee
perception of the work environment. Therefore, the initial correlated model implied that
the correlated factors- D1 and D2 cannot be used as individual latent scores to measure
facets of employee perception of their work environment.

Interestingly, the value of bifactor analysis is strengthened by the affirmation of the fact
that the unidimensional model is the best form of dimensionality even when the model
fit attributes of the general factor model (Figure 1) were very poor (Table 1). This
outcome is in sync with the findings of Hammer and Toland (2017) in which a bifactor
analysis revealed that a single unidimensional construct of the Internalized stigma of
mental illness scale (ISMI-9) was the most reliable model for the use of total scores with
no support for use of specific factor scores (Hammer & Toland, 2017). By extension, the
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use of multiple competing models supports the submission of Kline (2016) and Stone
(2021) to ensure that the best-fitting model is selected instead of selecting a few indices
of goodness of fit to report. Thus, the bifactor model of the instrument proposed in this
study substantially improved the initial versions of the EWAT instrument.

The study provides a simplified illustration of scale dimensionality and model reliability
testing of research instruments. Therefore, applied management researchers should use
the EWAT instrument as a unidimensional construct, which implies that a single latent
score can be used to estimate employee perception of their working conditions (that is,
how well or bad they are). Management scholars should apply competing models
compared against bifactor models to improve or support the use of single scores
(unidimensional constructs) or multidimensional constructs (specific scores for different
constructs) (Byllesby & Palmieri 2023; Reise et al., 2007). Also, the findings of the study
can be applied as a management measurement tool to justify the use of latent scores to
compare employees' perceptions before and after an intervention by management.
Furthermore, the re-validated tool can be used as a reliable information source for
human and operational resource management for gap analysis among employees.
However, on a cautionary note according to Dunn and McGray (2020), Gegenfurtner
(2022) and Rijmen (2010), there is a need to guide against the sole use of bifactor
statistical modeling for analyzing research without ample consideration for underlying
empirical fit, and theoretical foundations.

Conclusions

The study illustrated the use of bifactor modeling by comparing fit statistics from four
competing models (general factor, correlated factor model, second-order hierarchical
model, and bifactor model) examined in the study. The bifactor model provided the best
fit of data to the model, and its ancillary measures gave evidence of a unidimensional
construct suitable for the interpretation of the total score as a reliable measure of
employee perception of their work environment. The use of specific factors or constructs
was not justified as presented in the initially developed model of the instrument. The
study concludes that the instrument is best described and applied as a unidimensional
construct, and therefore, a single score can be used to rate employee’s perception of
their work conditions. In addition, the study presented practical guidance for
management researchers and simplified reporting for bifactor modeling. Bifactor
modeling assessment in management research ensures focus on the development of
robust, fit and reliable measurement models to capture perceptions of respondents in
survey research without undue manipulation of fit measures. Furthermore, researchers
are encouraged to adopt the habit of evaluating competing CFA models as best practice
in the development of self-reported questionnaires. Based on the availability of
appropriately dimensioned research instruments, management practitioners are
equipped with reliable tools that generate reliable scores to support dependable
management decisions.

Implications of the findings of the study to management research and practice

The study provided empirical evidence which showed that the bifactor model provided a
true representation of the EWAT instrument as a reliable, one-dimensional measure of
employee perception. Therefore, a single latent total score adequately and reliably
captures the dimension of the construct based on ancillary bifactor measures. In the
context of research, researchers are encouraged to as a matter of practice critically
examine competing CFA models which substantially improves the precision of the
selection of appropriate models. As a result, the selected model adequately captures the
dimensionality of the target construct/s of empirical interest. This approach is
corroborated by the assertion of Sarstedt et al. (2024) that management researchers
should adopt a critical assessment of competing CFA models so that measures obtained
can be reliably applied by other researchers, management practitioners and
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policymakers. By extension, the use of bifactor models in the dimensionality and
reliability assessment of research instruments helps to encourage the replicability of
research which has been a concern for researchers in the social and management
sciences (Block, Fisch, Kanwal, Lorenzen, & Schulze, 2023; Dau, Santangelo, & Van
Witteloostuijn, 2021). Hence, researchers are advised to examine and report measures of
bifactor modeling of any given research instrument.

The study substantially adds to the existing literature on the use of general factor,
correlated factors model, second-order model, and bifactor models, to achieve the best
dimensionality for any developed instrument. As a result, provides reasonable and
logical information to support the critique of CFA models in published research. Hence,
inferences for the use of factor scores of constructs or subscales factor scores can be
empirically established. In other words, the justification to support confident use of
latent construct scores and/ or composite scores is covered by using ancillary bifactor
measures. As a result, management practitioners can confidently use latent scores to
provide reliable quantitative means of measuring or representing perception from self-
reported instruments. Therefore, the simplified presentation of latent scores provides
quantitative evidence to support managerial decisions. Using the EWAT instrument as a
case study, the perception scores of employees based on monthly, quarterly, or yearly
evaluations can be compared. For instance, a hypothetical annual employee score in an
organisation using EWAT with values of 500 in year 1, 700 in year 2, and 750 in 3 is
suggestive of a growing trend of improved welfare conditions from the perspective of
the employees.

Limitations of the study

The EWAT instrument was developed within the context of the Nigerian pharmaceutical
marketing industry; hence, the instrument should be validated across other countries
and industries. Due to the focus of the study on dimensionality assessment using bifactor
modeling, measurement invariance evaluation of the instrument was not conducted.
Hence, further studies involving questionnaires or psychometric tools in management
research should include measurement invariance assessment and reporting in
confirmatory factor analysis. This is relevant because measurement invariance
assessment of a questionnaire ensures that the understanding, interpretation, and
response of subgroups of a target sample are determined to be equivalent. Thereby,
justifies the application of multigroup analysis without concern for instrumentation bias.
Furthermore, the comparison of bifactor analysis models across cultural and national
boundaries to enhance the transferability of findings is advocated.
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