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Abstract: Several previous empirical research studies have defined and operationalized entrepreneurial
resilience (ENTR-RISC) as either a construct with multiple dimensions or a construct with a single
dimension. While only a few previous research studies have assessed some components of the
presumed dimensionality of ENTR-RISC, no research has attempted to assess the dimensional
structure of ENTR-RISC amid the COVID-19 pandemic using different alternative competing models.
In order to acquire a deeper understanding of the dimensional characteristics of the ENTR-RISC
construct, this research assessed its dimensionality by comparing existing models’ goodness of fit
(GoF), and the best model that fitted the data was further tested using various confirmatory factor
analysis (CFA) models (a second-order factor model, an oblique first-factor model, and a single-factor
model) on quantitative data gathered from 590 SME entrepreneurs in Kingdom of Saudi Arabia (KSA).
The results of analyzing the tested models via structural equation modeling (SEM) and the AMOS
program indicated that the ENTR-RISC construct has a multidimensional three-factor structure. Even
though this research helps in the advancement of ENTR-RISC practice and theory, further research is
required to test the dimensionality of ENTR-RISC in greater depth. The findings of this study may
encourage further research on this topic and stimulate a much-needed discussion on the dimensional
structure of the ENTR-RISC concept.
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1. Introduction

Entrepreneurial resilience (ENTR-RISC) represents the qualities of entrepreneurs that
enable them to survive and succeed in times of adversity. Over five decades ago, the concept
of ENTR-RISC captured the attention of academics, professionals, and policymakers [1–19].
Even though these attempts have substantially expanded our general knowledge of ENTR-
RISC best practices before, amid, and after the economic crash, the current COVID-19 crisis
has entirely different conditions, and its effects on ENTR-RISC need more investigation.
Relying too heavily on the findings from previous crises could involve “fighting new battles
with old weapons” [20]. As studies in this area are still in their early stage, both academics
and professionals need more empirical-based evidence to fully understand the dimensional
structure of ENTR-RISC amid the COVID-19 pandemic.

In this context, several empirical studies have investigated the impacts of ENTR-
RISC on numerous disciplines, including tourism management [1,3,4,21], supply chain
management [5–8], SMEs’ performance [9–12], competitive advantage [13–16,22], and firm
performance [17–19,23,24].

Mathematics 2022, 10, 2298. https://doi.org/10.3390/math10132298 https://www.mdpi.com/journal/mathematics

https://doi.org/10.3390/math10132298
https://doi.org/10.3390/math10132298
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0002-7800-0428
https://doi.org/10.3390/math10132298
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math10132298?type=check_update&version=2


Mathematics 2022, 10, 2298 2 of 17

Some of these research studies investigated and operationalize ENTR-RISC as an unob-
served latent multidimensional concept that encompasses several distinctive but connected
factors measured by some variables that reflect each factor. On the other hand, a number
of research studies made the implicit assumption that ENTR-RISC is unidimensional and
that, consequently, all variables reflect only one dimension. While some research studies
tested the multidimensionality structure of the ENTR-RISC by using a limited number of
methods including the coefficient alpha, and explanatory and confirmatory factor analysis
(EFA and CFA), several other research studies, particularly those that made the implicit
assumption of the unidimensionality of ENTR-RISC, did not empirically assess the con-
struct’s dimensional structure. The previous lack of empirical evidence regarding the
dimensional structure of the ENTR-RISC construct hinders the development of ENTR-RISC
theory and practice. Obviously, assessing the dimensional structure of the ENTR-RISC
construct as an element of the procedures of testing the construct’s validity is a crucial
precondition for investigating the impact of the latent unobserved independent construct
on another dependent latent construct [25]. Given the limited empirical evidence on testing
the dimensional structure of the ENTR-RISC construct and the drawbacks of the methods
and techniques that have been applied in the previous studies to assess the dimensional
structure of ENTR-RISC, this research study attempted to assess the dimensional nature
of the ENTR-RISC construct using structural equation modeling and SEM and different
competing CFA models on a set of data collected from 590 entrepreneurs of small and
micro-sized enterprises (SMEs) in the Kingdom of Saudi Arabia (KSA)

2. Literature Review
The Dimensionality of Entrepreneurial Resilience: Limitations in Previous Studies

ENTR-RISC’s dimensionality was tested in previous studies by applying a number
of methods such as the coefficient alpha, EFA, and one type of confirmatory factor anal-
ysis (CFA). Coefficient alpha (a) can be used to assess the construct’s reliability (internal
consistency), where, if some items are used to measure a single factor, the correlated items
must have a high correlation value [26]. Nevertheless, coefficient alpha (as a test of the
reliability of internal consistency) is a condition of but an insufficient techniques to test
the unidimensional structure of the constructs used [27]. Furthermore, variables can be
rationally correlated but multidimensional at the same time [28]. Unidimensionality and
reliability are not equivalent [29]. Regardless of the dimensionality structure of the measure,
adding items can increase its reliability [30,31]. As a result, it is possible to achieve a good
coefficient alpha value that is acceptable despite the fact that the measurement has multiple
dimensions [29].

Similarly, EFA has frequently been used for decades to evaluate dimensionality [29].
The EFA test can be conducted to determine the number of dimensions in a given measure
and the variables that carry the most weight in each dimension [32–35]. Nevertheless, even
if a factor is unidimensional, there may be several factors, consisting of many variables,
which set the parameters for the construct; in other words, even though many factors can
measure a certain construct, this does not define its dimensionality [29]. Anderson and
Gerbing [27] concluded that “EFA is a poor ending point for the construction of unidimen-
sional scale”. EFA extracts the most greatly correlated variables into a single separated
factor [35]; nevertheless, items may be extremely correlated for a variety of possibilities, in
addition to being a measure of a single factor [29]. The EFA rotation and extraction method
(i.e., direct oblimin) lets the dimensions be freely correlated [36]. Two main possibilities
can explain the high correlation between the dimensions, and each possibility leads to
distinct assumptions. First, the extracted dimensions may be assumed to measure a second
higher-order dimension. This presupposes that the extracted number of dimensions are
measures of a higher-order factor. Second, the factor’s high correlation might be a result
of the factor reflecting different distinct construct dimensions [29]. EFA tests are regularly
used where the study variables are then aggregated with a composite score of the items
that are proposed to measure each dimension [32,33]; nevertheless, a “composite score is
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meaningful only if each of the measures is acceptable unidimensional” [30]. Lastly, if one is
unaware of the multidimensional structure of the applied scale, problems may arise and
the estimations of the scale may be incorrect, leading to erroneous assumptions regarding
the measure used [29].

Given the limitations of both EFA and (a), the CFA test may be conducted to measure
the dimensionality of a specific construct within the study’s validity procedures. CFA with
SEM allows the testing of various distinct models to evaluate the psychometric qualities and
the dimensional structure of the study’s scale [37]. As an advanced data analysis method to
test the causal correlations among latent unobserved constructs [33,37,38], CFA can be used
to assess the construct validity in any research [37,38]. However, statistically significant
correlations and factor loadings in CFA do not certainly imply that the factors measure a
higher-order dimension [29]. Nevertheless, by testing several competing models in CFA,
we may gain a greater understanding of the dimensional structure of a concept [29,33].
By running SEM, scholars have various opportunities (model structures) when assessing
their scale’s validity: the factors could be designed to be freely correlated, designed and
structured to be correlated to measure one single construct, or structured to measure a
higher-order factor [37]. Without assessing these different models, we will be unable to
propose that the statistically significant relationships are a result of dimensions measuring
the same predefined construct [29].

Despite the commonly acknowledged benefits of using multiple models in one study
context, the use of multiple models in one study context remains controversial. The
literature review implies that such an attempt to assess the dimensional structure of a
particular construct has infrequently been adopted. Indeed, to the author’s knowledge, no
previous empirical study has been detected that assesses the dimensionality of ENTR-RISC
using these different three models in one study context.

After reviewing the methods that can be used to test the dimensionality of the scale,
the literature that measures ENTR-RISC was reviewed to find out how ENTR-RISC was
structured in previous studies as a unidimensional or a multidimensional construct, and
whether this was an assumption or a finding, as well as which statistical technique was
used to test this assumption or obtain this finding. This review aimed to find an appropriate
method to test the current study’s dimensional structure of the ENTR-RISC construct.

Windle et al. [39] evaluated 19 resilience measures and found that the psychometric
properties of these measures differed significantly, with some being superior to others.
Additionally, all scales had several limitations concerning their psychometric properties.
One exception was the Connor–Davidson Resilience Scale (CD-RISC), which possesses the
highest psychometric ratings.

Connor and Davidson [40] created the CD-RISC, a reliable and valid resilience scale
intended to address the shortcomings of other scales, such as a lack of general acceptability
and applicability. The CD-RISC scale was built and derived from different previous
resources such as the studies of Rutter [41], Kobasa [42], and Lyons [43]. Originally,
the scale was multidimensional with a five-factor structure: high standards, personal
competence, and tenacity (eight variables); tolerance of negative impacts, trust in one’s
instinct, and strengthening the impacts of strain (seven variables); secure relationships
and positive acceptance of change (five variables); control (three variables); and spiritual
stimulus (two variables).

The CD-RISC is a self-rated scale of resilience and was developed on the basis of the
authors’ operational definition of resilience, which is the capability to “thrive in the face
of adversity”. Since its appearance in 2003, the CD-RISC has been tested, retested, and
validated in different geographical and industrial contexts with a variety of samples, and
has been revised into several versions. The CD-RISC has 25 items, which are assessed on
a five-Likert point scale ranging from 0 to 4: true nearly all of the time (4), often true (3),
sometimes true (2), rarely true (1), and not true at all (0). The five factors are “personal
competence, high standards, and tenacity”, “trust in one’s instincts, tolerance of negative
effects, and strengthening effects of stress”, “positive acceptance of change and secure
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relationships”, “control”, and “spiritual influences”. The items related to each factor are
illustrated in Table 1.

Table 1. Original Connor–Davidson resilience scale (CD-RISC) and other extracted scales.

Original Connor–Davidson Resilience Scale
(CD-RISC) (Five-Factor Structure—25 Items)

Campbell-Sills and
Stein (2007)

10 Items,
Unidimensional

Scale

Brief Resilience
Scale (BRS),

6 Items,
Unidimensional

Scale

Manzano García and Ayala Calvo 3-Fact
Structure Scale—23 Items

Items Hardiness:
9 items

Resourcefulness:
7 items

Optimism:
7 items

Factor 1: “Personal competence, high standards, and tenacity”

X1 “I do my best effort no matter what”. X

X2 “I can achieve my goals”. X X

X3 “When things look hopeless, I don’t give up”. X

X4 “Not easily discouraged by failure”. X X

X5 “Think of self as a strong person”. X X

X6 “I like challenges”. X

X7 “I work to attain my goals”. X

X8 “Pride in my achievements”. X

Factor 2: “Trust in one’s instincts, tolerance of negative
effects, and strengthening effects of stress”

X9 “Prefer to take the lead in problem-solving”. X

X10 “Under pressure, I focus and think clearly”. X X X

X11 “See the humorous side of things”. X X

X12 “Coping with stress strengthens me”. X X X

X13 “Make unpopular or difficult decisions”. X X

X14 “Can handle unpleasant feelings”. X X

X15 “Have to act on a hunch”. X

Factor 3: “Positive acceptance of change, and secure
relationships”

X16 “Able to adapt to change”. X X

X17 “Close and secure relationships”. X

X18 “Tend to bounce back after hardship”. X X X

X19 “Can deal with whatever comes”. X X X

X20 “Past success gives confidence for new challenge”. X

Factor 4: Control

X21 “Strong sense of purpose”. X

X22 “In control of your life”. X X

X23 “Know where to turn for help”. X

Factor 5: Spiritual influence

X24 “Things happen for a reason”.

X25 “Sometimes fate or God can help”.

However, After multiple improvements, and validations, previous empirical studies
found the scale to fit different dimensional structures such as the original five-factor
model [39,44–46], the three-factor model [4,47–49], a unidimensional 10-item structure [50],
and a unidimensional six-item structure [51].

Campbell-Sills and Stein [50] built a revised form of the CD-RISC with only a 10-item
scale out of the 25 original items on the scale and validated its unidimensionality with high
factor loadings using a sample of 1743 undergraduates. Similarly, Smith et al. [51] extracted
a brief unidimensional six-item resilience scale from the original 25 multidimensional items,
aimed at measuring the key and the main sense of resilience, that is “the ability to bounce
back from stress” [51]. These mixed results of using the CD-RISC scale as a five- or
three-dimensional construct or a 10-item or 5-item unidimensional construct, as illustrated
in Table 1, might be due to different samples, data analysis techniques, and contexts. The
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current study hypothesized and compared four alternative models, as shown in Table 1
(the original CD-RISC multidimensional five-factor structure model, the revised CD-RISC
multidimensional three-factor model, the revised CD-RISC unidimensional 10-item model,
and the abstracted CD-RISC unidimensional 6-item model) in the same context to avoid
these discrepancies in previous empirical studies.

3. Methodology
3.1. Sampling and Methods

The population of the current study included all entrepreneurs in small and micro-
enterprises such as the owners of food trucks, fast food restaurants, travel agents, estate
management offices, and mobile phone shops in KSA. Small and micro-enterprises were
chosen on the basis of two criteria: self-funding and direct supervision of the company [52].
According to KSA regulations, micro-businesses should have no more than five full-time
employees while small businesses should have 6–49 full-time employees. Twenty-five
enumerators were recruited to distribute and collect the study survey in Al Ahsa province
(the largest Eastern province in KSA). This technique was adopted to evade the usual poor
mail or online survey response [53,54]. The enumerators were trained to prevent the danger
of COVID-19 infection during data collection.

Before proceeding with the survey, entrepreneurs were invited to sign a letter of
consent. The enumerators were previously trained to narrate the survey questions aloud
in an understandable manner and write down the respondents’ replies in the appropriate
spaces. In total, 590 valid responses were collected from 600 entrepreneurs for the study.
Ten responses were eliminated due to incomplete answers. The data were collected in
March 2022.

The original 25-item Connor–Davidson resilience scale (CD-RISC) was utilized to
operationalize ENTR-RISC. A five-point Likert scale was used in creating the survey, where
5 indicates “strongly agree ”and 1 means “strongly disagree”.

3.2. Data Analysis Techniques

SEM was used to compare the four models that measure ENTR-RISC (the CD-RISC
multidimensional five-factor model, multidimensional three-factor model, the unidimen-
sional 10-item model, and the unidimensional 6-item model). SEM via the AMOS program
was selected and used in our study over other similar programs, such as Smart PLS, due to
the large sample size (N = 1250) in our study, its confirmatory (not exploratory) nature, its
ability to assess and evaluate complex and multivariate models, and its prevalence among
scholars in prior related research [33,34,37]; Smart PLS can be conducted in empirical stud-
ies that suffer from a small sample size and are exploratory in nature with a complicated
research model.

The goodness of fit (GoF) criteria in the four tested models were compared to find the
best-fitting model. The anticipated covariance matrix (k) was statistically compared with
the actually tested covariance matrix (S) to assess the model fit. When these two matrices
are close, the model fits better than the other models [33]. Chi-square (χ2) is considered the
main criterion of model fit, as it can give mathematical evidence of the variance between the
real observed covariance matrix (S) and the anticipated covariance matrix (∑k) by applying
this formula: χ2 = (N − 1) ∗ (S − (∑k)), where N is the study sample size [33]. The χ2 score
is associated with the study’s sample size, as χ2 rises with a high sample size. Similarly, the
SEM ∑k is impacted by the number of parameters that are allowed to be freely correlated,
so the degrees of freedom (df; the difference between the number of parameters estimated
and the number of data points) also affects the χ2 score [37]. Unlike other well-known
statistical techniques, in SEM, the researcher prefers to have an insignificant p-value (>0.5)
to have evidence that both ∑k and S are matched, and we can accept the model’s fit to data.
However, because the χ2 value is regularly influenced by the sample size and degrees of
freedom, other GoF criteria should be applied. Consequently, additional GoF metrics, as
depicted in Table 2, were used in the model comparison process as suggested by Bryne [37],
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Hair et al. [33], and Tabachnick and Fidell [34]. IBM SPSS Version 24 and IBM AMOS
Version 24 global versions were used for data analysis.

Table 2. SEM GoF criteria.

Criteria Explanation Calculation Threshold Value

X2/df Chi-square divided by (DF) degrees of freedom “The differences between the observed and
estimated covariance matrix”. Less than 5.0

RMSEA Root mean square error of approximation

“The discrepancy per degree of freedom, yet
measures discrepancy in terms of the

population, not just the sample used for
estimation”.

Less than 0.05

SRMR Standardized root mean residual
“Average of the residuals between observed

and estimated input metrics but
standardized to be between 0 and 1”.

Less than 0.05

CFI Comparative fit index.

“The relative improvement in fit of the
hypothesized model over the null model.
CFI provides an unbiased estimate of its

corresponding population value and is less
sensitive to the sample size”.

More than 0.90

NFI Normed fit index “Is a relative comparison of the proposed
model to the null model”. More than 0.90

PCFI Parsimonious comparative fit index “Adjusts the CFI using PR”. More than 0.5

PNFI Parsimonious normed fit index

“Is an extension of NFI by multiplying it by
the parsimony ratio or PR (the ratio of

degrees of freedom used by a model to the
total degrees of freedom available)”.

More than 0.5

Based on Hair et al. [33], Tabachnic and Fidell [34]; Byrne [37], and Kiline [38].

The best-fitted model was then subjected to first-order CFA to assess the construct’s
reliability, discriminant validity, and convergent validity. Three models were created to find
out if the best-fitted model was a multidimensional construct (an oblique factor model),
a second-order multidimensional construct (a higher-order model), or a unidimensional
construct (a one-dimensional model)

4. Results and Discussion
4.1. Demographics and Profiles of the Targeted Entrepreneurs

The majority (60%) of the investigated businesses were categorized as micro-businesses
with fewer than five full-time employees, while 40% were small businesses with 5 to
49 full-time employees. Moreover, 55% of the respondents had 5 to 10 years of experience
in their business, while 40% had fewer than 5 years of experience and 5% had run their
own business for more than 10 years. Males (92%) and married entrepreneurs (75%) were
the most dominant in our investigation, with ages between 22 and 60 years old (81%). The
number (35%) of entrepreneurs who owned and ran fast-food restaurants was slightly
higher than the number of those who owned and ran food trucks (33%) and travel agency
owners (20%), followed by owners of mobile phone shops (6%) and estate managers (6%),
as shown in Table 3. The majority (70%) of participating entrepreneurs had a college degree,
and 20% had a high school degree or lower, while only 10% had an MBA. Table 2 provides
an overview of the investigated entrepreneurs’ demographics and business profiles. Table 4
also provides some descriptive statistics, where the minimum and maximum scores were 1
and 5, respectively. The minimum mean score of the respondents’ replies was 3.26 while the
maximum value was 4.13. Similarly, the standard deviations of the replies were between
0.895 and 1.079. Finally, the values of kurtosis and skewness did not exceed 2 or −2. Given
all the descriptive data, the data are normally distributed around their mean.
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Table 3. Entrepreneurs’ demographics and business profiles.

N = 590 %
Groups

N = 590 %

Gender
Male 543 92% Fast food restaurants 207 35%
Female 47 8% Food truck 195 33%

Marital status
Married 443 75% Mobile phone accessories 35 6%
Unmarried 147 25% Estate management 35 6%

Age

<21 years old 77 13% Travel agents 118 20%
From 22 to 45 years old 236 40%
From 46 to 60 years old 236 40%
>60 years old 41 7%

Education
High school degree or lower 118 20%
College certificate 413 70%
MBA certificate 59 10%

Number of employees <5 employees 354 60%
5 to 49 employees 236 40%

Years in operation
<5 years in operation 236 40%
5 to 10 years in operation 325 55%
>10 years in operation 30 5%

Table 4. Descriptive statistics.

N = 590 Minimum Maximum Mean S.D. Skewness Kurtoses

Items 1 5 4.13 0.903 −1.096 1.292
X1 1 5 3.29 1.059 −0.529 −0.468
X2 1 5 3.30 1.063 −0.520 −0.476
X3 1 5 3.29 1.058 −0.522 −0.469
x4 1 5 3.31 1.052 −0.524 −0.435
X5 1 5 3.30 1.053 −0.501 −0.461
X6 1 5 3.31 1.057 −0.546 −0.415
X7 1 5 3.26 1.104 −0.534 −0.543
X8 1 5 3.30 1.051 −0.534 −0.415
X9 1 5 3.30 1.053 −0.536 −0.421

X10 1 5 4.13 0.903 −1.096 1.292
X11 1 5 4.11 0.930 −1.153 1.398
X12 1 5 3.30 1.059 −0.539 −0.414
X13 1 5 4.12 0.924 −1.227 1.067
X14 1 5 4.13 0.895 −1.078 1.233
X15 1 5 3.28 1.068 −0.526 −0.462
x16 1 5 3.27 1.087 −0.515 −0.523
X17 1 5 4.10 0.979 −1.271 1.640
X18 1 5 3.27 1.087 −0.515 −0.523
X19 1 5 3.27 1.097 −0.541 −0.541
X20 1 5 3.27 1.082 −0.527 −0.508
X21 1 5 3.28 1.085 −0.545 −0.487
X22 1 5 4.08 0.981 −1.211 1.429
X23 1 5 4.06 1.009 −1.204 1.206
X24 1 5 4.06 1.009 −1.204 1.206
X25 1 5 4.13 0.903 −1.096 1.292

4.2. Model Comparison

The four models pictured in Figure 1 were compared with each other to identify the
best model that fitted the data well. The first model is the original CD-RISC multidimen-
sional five-factor structure model that has 25 items, the second model is the revised CD-RISC
unidimensional 10-item model, the third model is the abstracted CD-RISC unidimensional
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six-item model, and, finally, the fourth model is the revised CD-RISC multidimensional
three-factor model that has 21 items, as shown in Figure 1.

Figure 1. Model comparison.
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Table 5 displays the GoF criteria for the comparison of the four hypothesized models.
The results of Wheaton et al.’s [55] relative chi-square (χ2/df) value failed to meet the
threshold level of 3.00 [34] for Models 1, 2, and 3; however, the score of relative χ2 (0.3)
was satisfactory for Model 4. This implies that Model 4 is consistent with the collected
data, but Models 1–3 are not. Furthermore, the findings in Table 5 demonstrate that
the other incremental and absolute fit metrics for Models 1–3 strongly deviate from the
satisfactory fit scores for these metrics. For example, the RMSEA (root mean square error
of approximation) scores failed to meet the suggested threshold value of below 0.05 [56],
varying from 0.212 for Model 1 to 0.306 for Model 2 and 0.294 for Model 3. This indicates
that Models 1–3, with undefined but optimized parameter scores, do not adequately fit
the population covariance matrix, if one is available. If we take the CFI (comparative fit
index) as another illustration of the poor fit of Models 1–3, as shown in Table 5, the CFI
scores for these models (1–3) are below the suggested adequate threshold value of 0.90 [57].
Consequently, Models 1–3 demonstrated an unsatisfactory fit compared with the null model
(in which all relationships are constrained to equal zero). In general, the results presented
in Table 3 indicate that the GoF metrics for Models 1, 2, and 3 diverge from the satisfactory
fit criteria for the incremental and absolute fit measures. This suggests that our data do not
support these models and the proposed dimensional structure of their variables. Model 4,
compared with Models 1, 2, and 3, has incremental and absolute fit metrics that comply
with the satisfactory fit scores for these criteria (see Table 5). Furthermore, the parsimonious
fit values (PCFI, and PNFI) for Model 4 are higher than those of Models 1,2, and 3. This
implies that Model 4 has superior fit to the data.

Table 5. Results of the comparative models tested.

Comparative Models

Obtained GoF

Absolute Fit Measures (AFM) Incremental Fit Measures (IFM) Parsimony Fit Measures (PFM)

CMIN/df RMSEA SRMR CFI NFI TLI PNFI PCFI

Model 1: Original Connor–Davidson resilience
scale (CD-RISC) (five-factor structure, 25 items) 7.5 0.212 0.243 0.711 0.704 0.673 0.622 0628

Model 2: Campbell-Sills and Stein (10 items,
unidimensional scale) 5.7 0.309 0.321 0.694 0.691 0.606 0.573 0.540

Model 3: Brief resilience scale (BRS) (6 items,
unidimensional scale) 5.1 0.294 0.211 0.860 0.858 0.766 0.515 0.516

Model 4: Manzano García and Ayala Calvo
scale (three-factor structure, 23 items) 2.725 0.030 0.027 0.934 0.925 0.926 0.830 0.838

Suggested GoF

≤3.0 ≤0.05;
≤0.08 <0.05 ≥0.90 ≥0.90 ≥0.90 >0.5 >0.5

4.3. Best Fitting Model: Three Alternative Model Structures

In testing the dimensional structure of the study construct, most previous studies used
only one type of CFA [58]; however, CFA can be used to evaluate various models in order
to gain a deeper understanding of the dimensional qualities of a construct [29,33]. These
models include one that allows any and all factors to be freely correlated with one another
(the oblique factor model), a model in which every factor is correlated with every other
factor because every factor measures the same higher-order factor (the higher-order factor
model), as well as a model in which all indicators are used to determine if they measure
one factor (the one-factor model) [38]. The scholar cannot suppose that the correlation of
the statistically significant items/factors is due to the items/factors measuring the same
dimension without first testing these three models [29]. Consequently, the best model
(Model 4, the three-factor structure model) that fitted our data well was then subjected to
CFA to generate three different alternative models, as shown in Figure 2.
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Figure 2. Three alternative models.
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As shown in Table 6, the oblique factor model’s GoF indices are: χ2/df = 2.2725,
p < 0.001, RMSEA = 0.030, SRMR = 0.027, CFI = 0.934, TLI = 0.926, NFI = 0.925, PCFI = 0.838,
and PNFI = 0.830, which showed a satisfactory model fit, while the GoF indices of
the second-order factor structure mode were: χ2/df = 6.2 p < 0.001, RMSEA = 0.323,
SRMR = 0.318, CFI = 0.684, TLI = 0.652, NFI = 0.677, PCFI = 0.621, and PNFI = 0.616 and
the unidimensional model’s GoF indices were: χ2/df = 6.9, p < 0.001, RMSEA = 0.232,
SRMR = 0.287, CFI = 0.684, TLI = 0.657, NFI = 0.678, PCFI = 0.623, and PNFI = 0.652, failing
to show a satisfactory model fit. The previous results indicate that Manzano García and
Ayala Calvo’s [47] three-factor first-order oblique factor model can be used to measure
ENTR-RISC. This scale has three dimensions named hardiness (nine variables), optimism
(seven variables), and resourcefulness (seven variables).

Table 6. Comparison of three alternative models.

Comparative Models

Obtained GoF

Absolute Fit Measures (AFM) Incremental Fit Measures (IFM) Parsimonious Fit Measures (PFM)

CMIN/df RMSEA SRMR CFI NFI TLI PNFI PCFI

First-order: oblique factor model 2.725 0.030 0.027 0.934 0.925 0.926 0.830 0.838

Second-order: higher-order factor model 6.2 0.323 0.318 0.684 0.677 0.652 0.616 0.621

Unidimensional: one-factor model 6.9 0.232 0.287 0.684 0678 0.657 0.652 0.623

Hardiness (nine items) is a measure of an entrepreneur’s capability for self-control
as well as their openness to facing new challenges in the face of change Kobasa [59].
Entrepreneurs’ resourcefulness has seven items that describe the skills, abilities, and com-
petencies that enable them to be confident in their resources to manage, control, and change
the consequences of the adverse circumstances [47,48]. Optimism has seven reflective
variables that determine the ability to remain positive in the face of hardship [60].

4.4. Manzano García and Ayala Calvo’s Three-Factor Model: Validity and Reliability Test

The three factors that represent the ENTR-RISC scale have a high internal consistency
and coefficient alpha (a) value as shown in Table 7: hardiness (a = 0.903), resourcefulness
(a= 0.921), and optimism (a = 0.937). These results were supported when running CFA for
the multidimensional three-factor model with the best fit, which further demonstrated the
reliability and validity of the measurement scale. Composite reliability (CR) and average
variance extracted (AVE) was calculated according to the formulas [33,61] below:

CR =
(∑ λi)2

(∑ λi)2 + (∑ εi)

AVE =
∑ λi2

n
where λ is the standardized factor loading for variables, i stands for its error variance, and
n is the number of variables.

CR scores were calculated for the three ENTR-RISC factors and showed a high internal
consistency: for example, the CR of hardiness was calculated as shown below:

CR =
Σ(standardized f actor loadings)2

(∑ o f standardized f actor loadings)2 + (∑ o f error variance)

For hardiness (nine items), CR = (0.905 + 0.885 + 0.919 + 0.894 + 0.975 + 0.960 + 0.942 +
0.916 + 0.962)2/(0.905 + 0.885 + 0.919 + 0.894 + 0.975 + 0.960 + 0.942 + 0.916 + 0.962)2 + 0.149
+ 0.170 + 0.078 + 0.133 + 0.094 + 0.115 + 0.094 + 0.177 = (8.353)2/= (8.353)2 + 1.01 = 0.985,
as shown in Table 7. Similarly, the CR values for resourcefulness (0.984) and optimism
(0.960) both exceeded the threshold value of 0.70 [31]. Furthermore, the results in Table 7
demonstrated the satisfactory convergent validity of the scales, as all the standardized
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factor loadings (SFL) were adequately high and statistically significant, with the average
variance extracted (AVE) exceeding the value of 0.50 for all factors. The AVE was calculated
according to Hair et al.’s [33] formula.

AVE =
sum squared standardized f actor loadings

number o f f actor items

For example, for optimism, AVE = (0.887)2 + (0.888)2 + (0.873)2 + (0.803)2 + (0.911)2 +
(0.868)2 + (0.924)2/7 = 0.890, as shown in Table 4.

Table 7. Convergent and discriminant validity of the reflective three-factor model.

Factors and items Factor loadings S.E. t-Value CR AVE MSV 1 2 3

1. Hardiness (a = 0.903) 0.985 0.862 0.176 0.929

X3 0.905 F F

X4 0.885 0.149 34.127

X5 0.914 0.170 37.209

X6 0.894 0.078 34.991

X7 0.975 0.133 46.033

X9 0.960 0.094 43.471

X10 0.942 0.115 40.775

X13 0.916 0.094 43.770

X19 0.962 0.177 37.422

2. Resourcefulness (a = 0.921) 0.984 0.900 0.176 0420 0.949

X2 0.859 F F

X8 0.957 0.032 36.090

X16 0.959 0.031 38.126

X17 0.978 0.031 35.749

X20 0.953 0.032 35.711

X22 0.953 0.032 38.126

X23 0.976 0.031 37.927

3. Optimism (a = 0.937) 0.960 0.890 0.123 0.350 0.330 0.880

X1 0.887 F F

X11 0.888 0.033 32.284

X12 0.873 0.034 31.062

X14 0.803 0.030 34.319

X15 0.911 0.035 30.639

X18 0.868 0.032 35.486

X21 0.924 0.033 26.165

Correlation estimates

Relationships Estimates CR p

Hardiness Resourcefulness 0.42 14.639 0.001

Hardiness Optimism 0.35 12.531 0.001

Resourcefulness Optimism 0.33 11.825 0.001

CR: composite reliability; AVE: average variance extracted; MSV: maximum shared value; diagonal values: the
square root of AVE for each dimension; below-diagonal values: intercorrelation between dimensions; S.E. standard
error variance.
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Similarly, the values of resourcefulness (AVE = 0.900) and optimism (AVE = 0.890)
exceeded the suggested threshold of 0.50, as recommended by Hair et al. [33]. Furthermore,
as shown in Table 4, the AVE values for all factors surpassed the values of the maximum
shared variance (MSV), which implies the satisfactory and adequate discriminant validity
of the three factors used to measure ENTR-RISC [33]. Finally, the discriminant validity was
further supported and assured, as the AVE square root scores for the three factors (the bold
values in the diagonal line) exceeded the intercorrelation scores of the dimensions (scores
that are below the bold diagonal) as illustrated in Table 7.

The CFA results also showed that the correlations among the three factors (as shown
in Figure 3 and Table 7) were significant and positive. Hardiness and resourcefulness
were found to have the highest correlation (r = 0.42, t-value = 14.639, p < 0.001), hardiness
and optimism had a medium correlation (r = 0.35, t-value = 12.531, p < 0.001), and the
lowest correlation coefficient was found between resourcefulness and optimism (β 0.33,
t-value = 11.825, p < 0.01).

Figure 3. Three-factor measurement and structural model. ***: significant level less than 0.001.
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5. Conclusions

This study aimed to review and test the various scales that were used in previous stud-
ies to measure ENTR-RISC, especially amid the outbreak of the COVID-19 pandemic. The
obstruction of activities by governments and restrictions imposed in the commercial context
had adverse effects on the performance of microenterprises (e.g., restaurants) [62–64]. A
literature review showed that numerous scales have been used to measure ENTR-RISC.
However, the lack of a well-validated scale for ENTR-RISC impedes the development of
a suitable psychosocial model of ENTR-RISC. The Connor–Davidson resilience scale [40]
is one exception (CD-RISC). The CD-RISC is a 25-item self-reported scale that measures
resilience. After several attempts to test, retest, and validate the CD-RISC scale in previous
studies, the original five-factor scale has been revised with different versions that have
emerged, such as the three-factor multidimensional scale, the unidimensional 10-item scale,
and the multidimensional six-item scale. Given the lack of solid empirical evidence and the
mixed results regarding the dimensionality of the ENTR-RISC construct, and the limitations
of the techniques used to test the construct’s dimensionality, further research was required.
Our study collected a set of data from 590 entrepreneurs of micro- and small businesses in
KSA and compared the GoF of these four models using SEM and AMOS software.

The best model that showed a satisfactory GoF criterion (the three-factor multidimen-
sional model) was further assessed with three alternative CFA models (the higher-order
factor model, the oblique factor model, and the one-factor model). Since, by using multiple
CFA models in one study, a researcher can gain a deeper understanding of a construct’s
dimensional psychometric properties [29], the findings of our study offer solid evidence
that ENTR-RISC possesses a multidimensional structure rather than a unidimensional one.
This is a valuable result from a theoretical standpoint because the assumptions regarding
the dimensional structure of the ENTR-RISC scale have implications for the selection of
methodological approaches to measure the effects of ENTR-RISC [25]. Consequently, the
findings of our study contribute to a better understanding of the dimensional structure
of ENTR-RISC and may help future efforts to measure the impacts of ENTR-RISC. From
a practical standpoint, the findings of our study may help decision-makers, as they high-
light the existence of multiple dimensions of ENTR-RISC that may impact enterprises’
performance. However, our study was conducted in one context (i.e., micro- and small
enterprises in KSA) and a limited number of businesses (i.e., fast food, travel agencies, es-
tate management, and mobile phone shops), which necessitates additional research testing
the dimensionality of the ENTR-RISC construct in other regional and industrial contexts.
Therefore, the limitations of our study, as well as the theoretical and practical implications
of determining the dimensional structure of the ENTR-RISC scale, may serve to encourage
further research on this topic and inspire a much-needed discussion on the dimensional
structure of the ENTR-RISC scale.
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