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This study investigates the relationship between financial obstacles and the capacity utilization of
manufacturing firms. It departs from previous studies by employing a Bayesian linear regression
analysis. The results demonstrate the considerable negative effect that financial constraints have on
the capacity utilization of manufacturing enterprises, while access to credit lines has a positive ef-
fect. The sample consists of 1,494 private manufacturing firms in 31 European and Central Asian
countries. Financial obstacles were perceived as a major impediment to business operations by 65%
of the enterprises surveyed. Furthermore, 52% of enterprises in the sample have access to loans from
financial institutions, while 47% have no access to credit lines. This implies that the manufacturing
sector’s capacity to tap into financial market resources and surmount financial barriers both is vital to
its survival and presents a significant challenge.
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Introduction

Manufacturing-led development has proven
to be a successful approach due to the direct
contribution of the manufacturing sector to
economic growth, its spillover effect, and the
increases in dynamic productivity in terms of
scale, transferability, and job creation (Felipe
et al.,, 2019). In developing countries, manu-
facturing development is accompanied by
process enhancements and structural reforms
within the sector (Haraguchi, 2015). The pro-
cess of modernizing the sector, which is seen as
a useful strategy for applying the most recent
technological developments, depends on addi-
tional investment. Hence, capacity utilization
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is linked to the generation of new investments.
Highly efficient capacity utilization boosts de-
preciation rates and encourages the replace-
ment of existing facilities with new ones (Liu
& Wang, 2014a). However, credit markets are
often underdeveloped in developing nations,
where enterprises are typically hindered by a
lack of financial resources, preventing them
(particularly private firms) from making value-
enhancing investments and updating their exist-
ing facilities to increase productivity (Chen et
al., 2017).

Credit constraints can impact a business’s
operations and investment decisions by affect-
ing its capacity utilization. For example, firms
with high-capacity utilization rates, given their
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capital availability and productivity levels, are
more likely to enter the global market (Tian,
2016a). Capacity utilization influences busi-
nesses’ decisions to invest, export, and hire
workers, all of which further impact economic
growth in developing countries. The relation-
ship between financial conditions and capacity
utilization provides fundamental insights into
how organizations behave when faced with
stringent credit constraints.

According to Talberg et al. (2008), a firm’s
debt ratio is influenced by the industry in which
it operates. This is evidenced by the significant
differences in the capital structures of manufac-
turing subsectors. Additionally, manufacturing
sub-sectors differ in terms of capital expendi-
tures, the proportion of tangible assets in total
assets, and the availability of trade credit, all of
which influence their need for external financ-
ing (Chor & Manova, 2012). Credit constraint
conditions have varied effects on tangible and
intangible capital as well as human capital, de-
pending on the types of manufacturing sub-sec-
tors in which they occur. These inputs on capac-
ity utilization play different roles. For example,
in the short term, credit constraints affect labor
productivity more when a firm experiences
them, as labor input tends to respond to finan-
cial friction more promptly and directly than
physical capital. Most importantly, the hetero-
geneity of the manufacturing sub-sectors may
have an impact on the relationship between
credit constraints and capacity utilization.

In this study, capacity utilization is used as
a measure of the efficiency with which a firm
utilizes its resources, specifically its production
capacity. This is a crucial indicator of a firm’s
performance and can have a significant impact
on its financial health. Financial constraints,
on the other hand, refer to any financial chal-
lenges that a firm may encounter, such as in-
adequate funding or high levels of debt. These
constraints can hinder a firm’s ability to invest
in new capital, which can thereby affect its ca-
pacity utilization. Most previous studies on this
topic have primarily employed frequentist sta-
tistical methodology. However, this study aims
to explore the influence of financial constraints
and access to finance on firm capacity utiliza-
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tion through Bayesian estimation methods. The
Bayesian statistical approach provides 95%
credible interval estimates, yielding results
that are comparable to those obtained through
frequentist methods. In contrast to frequentist
statistics, in which estimators are used to ap-
proximate the true values of unknown param-
eters, Bayesian statistics provide a complete
distribution of parameters. Bayesian inference
offers a more intuitive and straightforward in-
terpretation of results in terms of probabilities.
For instance, credible intervals are understood
as intervals within which parameters fall with a
certain probability, as opposed to the less intui-
tive interpretation of confidence intervals based
on repeated sampling.

The remainder of the paper is organized as
follows: Section 2 provides a concise review of
the relevant literature on financial constraints
and manufacturing firms’ capacity utilization.
Section 3 describes the data and methods used.
Section 4 reports the Bayesian empirical re-
sults and interpretation. Section 5 presents the
Bayesian model diagnostics or robustness test.
Finally, Section 6 concludes.

Literature Review

A well-established financial market efficient-
ly allocates capital to enterprises with high-val-
ue initiatives, fostering economic growth (Fis-
man & Love, 2003). However, limited access
to external financing often poses a challenge
for manufacturing enterprises in developing
countries. According to Liu and Wang (2014),
a credit-constrained productive firm is likely to
suffer from increased negative effects and de-
creased equity value, causing a reallocation of
resources from productive to unproductive en-
terprises.

The modernization of the manufacturing
sector in developing nations is influenced by la-
bor market policies, technology dissemination,
and product market policies (Dutz et al., 2018).
Modernization in different sub-sectors of the
manufacturing sector leads to an enhanced in-
dustry structure, essential for growth and devel-
opment in developing countries. According to
Greenwood et al. (1988), high levels of capac-
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ity utilization and high rates of capital utiliza-
tion interact with investment shocks, impacting
firm productivity and employment by acceler-
ating the depreciation of aging equipment and
promoting new investment formation.

Several studies have examined the relation-
ship between capacity utilization and macro-
economic factors such as income distribution,
savings-to-investment ratio, inflation rates, and
productivity changes (Nikiforos & Foley, 2012;
Schoder, 2014). Nikiforos and Foley (2012)
investigated the causal relationship between
income distribution and capacity utilization us-
ing aggregate data. Further study reveals that
capacity utilization impacts an enterprise’s em-
ployment, tendency to export, and investment
choices on both micro and macro levels (Tian,
2016b).

Given their crucial role in macroeconomic
indicators and firm performance, the drivers
behind capacity utilization across sectors have
been investigated. Financially constrained en-
terprises face greater challenges in making in-
vestment decisions and have fewer options for
selecting the optimal degree of capacity utili-
zation (Ahn & McQuoid, 2017). Along with
changes in demand, physical and financial re-
strictions prevent enterprises from producing
at their maximum capacity (Ahn & McQuoid,
2017). We propose that financial constraints
lead to poor capacity utilization. In other words,
when enterprises are subject to rigid financial
constraints, they face a constrained ability to set
an optimal rate of capacity utilization.

Different manufacturing sub-sectors have
varying levels of external financial depen-
dence, thus affecting their loan demand (Mano-
va, 2013). High-tech companies are typically
young, small, and fast-growing, and these char-
acteristics can impact their need for external
funding and loan applications (Farre-Mensa
& Ljungqvist, 2016). Some enterprises facing
financial challenges may establish a secure re-
lationship with banks to expand their access to
credit (Braun et al., 2019).

As previously noted, capital and labor inputs,
which react differently to financial friction, are
necessary for capacity utilization. For instance,
enterprises with limited access to finance often
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substitute physical assets, which banks require
as collateral, for investment in intangible assets.
The relationship between credit constraints and
capacity utilization may vary across industries
since the function of different assets and hu-
man resources in capacity utilization depends
on the types of manufacturing sectors involved.
Lower capacity utilization in the production
process indicates inefficient capital and labor
allocation. In general, firms with limited access
to capital cannot maximize their investments,
indicating a conflict between credit constraints
and production (Ganau, 2016).

Research Methods

Data Description

The data for this study was obtained from
the World Bank’s Enterprise Surveys (ES) for
Europe and Central Asia. The survey was con-
ducted using a standardized methodology and
involved face-to-face interviews between firm
representatives and trained field researchers.
The World Bank’s Enterprise Surveys (ES)
methodology is designed to provide compre-
hensive data on the business environment of
an economy’s private sector. The surveys cover
a broad range of topics, including access to fi-
nance, corruption, infrastructure, crime, com-
petition, and performance measures. This study
is based on surveys conducted in 2013, 2014,
2018, 2019, and 2021.

The World Bank’s Enterprise Surveys (ES)
are not conducted at a fixed frequency within
each year. Instead, the surveys are carried out
in different countries at different times. De-
spite this variation in timing, the ES follows
uniform data processing procedures and data
collection instruments, and the same firms are
interviewed across time using unique firm IDs.
We first downloaded the data from the World
Bank Enterprise Surveys in STATA format, us-
ing the country name and survey type as filters.
The columns were the same for all surveys, as
the survey was based on a uniform methodol-
ogy. We then merged the data from different
countries into a single dataset using the unique
IDs of the firms. Finally, we filtered the data
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Table 1. Operationalization of Variables

Variable

Description

Capacity (DV)

Exper (IDV)

Output produced relative to the maximum amount that could be produced

Top manager's years of experience in the indust
P gersy p ry

Femalemanager (IDV) Dummy variable: takes 1 if the top manager is female and 0 otherwise.

Expfemale (IDV)
finance-obst (IDV)
Severe Obstacle ‘4°.

Loan (IDV)
fixed asset (IDV)
licensed tech (IDV)

Interaction of female top management and experience
Ordinal scale from 0 to 5; No obstacle ‘0°, Minor obstacle ‘1°, Moderate obstacle ‘2°, Major obstacle ‘3°, and Very

Dummy variable: takes 1 if the firm accesses a bank loan and 0 otherwise.
Dummy variable: takes 1 if the firm acquires fixed assets and 0 otherwise.
Dummy variable: takes 1 if a firm has licensed technology and 0 otherwise.

Source: Author’s calculation

to include only responses from the manufactur-
ing sector. This resulted in a final dataset with
survey responses from all of the manufacturing
firms in the countries that we surveyed.

Using the variables outlined in the table
above, the standard linear regression model is
formulated as follows. Linear regression is a
statistical method used to model the relation-
ship between a dependent variable and one or
more independent variables. In this case, the
dependent variable is capacity utilization, and
the independent variables are financial obsta-
cles and access to credit lines.

capacity, = 5, +p exper+p, femalemanager
+p,expfemale+p, finance—obst
+B, loan + B, fixed—asset
+B licensed—tech + ¢, (1)

Expfemale is an interaction variable derived
from the product of two variables: female man-
ager and experience. The purpose is to examine
whether the effect of a manager’s experience
on capacity utilization differs depending on the
gender of the manager.

The interpretation of 8, for exper is the same
as in traditional linear regression. Exper is a
continuous variable that represents the number
of years of experience the manager has in the
working sector. The interpretation of £, is in
terms of probability since it is a binary variable.
Initially, we added the experience (experience
of managers regardless of gender) and female-
manager (if the manager is female). The g, for
experience is positive and statistically signifi-
cant, showing that the sectoral experience of
the manager significantly matters in the capac-
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ity utilization of a firm. However, we found the
B, for femalemanager negative, showing that
female managers have negative effects on ca-
pacity utilization. This is somewhat difficult to
translate into economic terms.

Then, we tried to check if the experience of
female managers matters or not. That is why
we employed an interaction variable of female
managers and experience. After adding the in-
teraction variable, the 8, changed to positive but
was not statistically significant. This shows that
the experience of female managers matters, but
the interaction variable is negative, which is a
little ambiguous. However, our interest variable
experience did not change with gender; it re-
mains significant across the models. Therefore,
managerial experience is a crucial factor for a
firm’s capacity utilization, regardless of gender.

Financial obstacles (finance—obst) are mea-
sured using an ordinal variable ranging from 0
to 4, with equal intervals.

Methodology

This study employs a Bayesian approach to
explore the relationship between financial con-
straints and the capacity utilization of manu-
facturing firms. The Bayesian and frequentist
approaches have distinct philosophies about
what is considered fixed, leading to different
interpretations of the results. In the Bayesian
approach, the data sample is assumed to be
fixed, while the model parameters are consid-
ered random. The posterior distribution of the
parameters is estimated based on the observed
data and the prior distribution of the parame-
ters, and this is used for inference. In contrast,
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the frequentist approach assumes that the data
are a repeatable random sample and that the
parameters are unknown but fixed and constant
across repeated samples (Best, 1996). Despite
the ongoing debate between Bayesian and fre-
quentist statistics, the use of Bayesian methods
in various fields of study is gaining momentum
(McShane et al., 2019; Ruiz-Ruano Garcia &
Loépez Puga, 2018; Wasserstein et al., 2019).
The present study’s analysis is based on the
conditional distribution of parameters in the
observed sample rather than on the distribution
of statistics obtained from repeated hypotheti-
cal samples. As such, the Bayesian approach is
well suited to the nature of this study. Addition-
ally, this study employs a Bayesian statistical
approach, diverging from previous studies that
utilized a frequentist statistical methodology to
investigate the influence of financial constraints
and external financing on firm capacity utiliza-
tion (Ndiaye et al., 2018).

The Bayesian approach is founded on the
well-established principle of Bayes’ theorem.
Bayesian analysis begins by specifying a pos-
terior model, which describes the probability
distribution of all model parameters given the
observed data and any prior knowledge. This
posterior distribution is composed of two parts:
a likelihood, which incorporates information
about the model parameters based on the ob-
served data, and a prior, which represents any
prior information about the model parameters
before the data was observed (Rosenberg et
al., 2022). The Bayesian rule, often known as
Bayesian analysis, mixes previous knowledge
through conditional probability:

Pr(6) Pr(6Y)
Pr(Y) ()

Pr(0|Y) =

Pr (0Y) is the posterior probability of the
hypothesis adjusted based on observed data.

Posterior distributions reflect a prior proba-
bility of a hypothesis or parameter that has been
updated with new information. Pr Pr (6) is the
probability of a parameter or hypothesis based
on prior information. Pr (Y |0) is the likelihood
of the hypothesis-conditioned data. Pr (Y) is the
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normalization constant.
Bayes’ rule is expressed as a proportion to
make it more understandable:

Pr(0)Y) « Pr (0) Pr (0]Y) 3)

According to equation (3), the posterior dis-
tribution is the weighted average of the knowl-
edge of previous parameters for the data and
the information about the parameters in the ob-
served data (Thach, 2021).

We employ a normal prior distribution in the
first stage because researchers consider that it
provides a decent representation of the distri-
bution of effects (Oanh et al., 2022; Permai &
Tanty, 2018). As a result, we employ the prior
distribution N (0, 1), which describes the pre-
ceding default normal with a mean of 0 and a
variance of 1. Block et al. (2011) claim that,
if a normal prior distribution is employed, the
results of the Bayesian analysis of the study’s
hypotheses will not be skewed either positively
or negatively.

In the following steps of the procedure, we
assume normal distributions with the parame-
ters derived from the econometric model in Eq.
(1). Finally, the Bayesian estimator generates
posterior distributions of the parameters using
the MCMC and Gibbs sampling techniques.
Additionally, when using the Gibbs sampling
procedure to generate posterior distributions,
researchers should assess the stability and con-
vergence of the MCMC (Kruschke, 2014).

Bayesian Linear regression model
Specification

One method for parameter estimation in re-
gression modeling that uses the Bayesian ap-
proach is Bayesian linear regression. The work
of Permai and Tanty (2018) is followed to set
the Bayesian linear regression equation in this
study. The Bayesian method includes a prior,
likelihood distribution, and posterior distribu-
tion. The Bayesian technique for parameter
estimation entails working with the posterior
distribution, obtained by multiplying the prior
distribution by the likelihood. Using the OLS
estimation method, a linear regression model
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has the normal distributed error assumption,
which is e~N(0,6°). Because the error is nor-
mally distributed, the variables (X, f, 6?) are
similarly normally distributed.

As aresult, the variables (YX, f, 6%) ~N(0,6%)
and these variables’ probability density func-
tions (pdf) are as follows:

PXS.) = —expl- 3 =(Y-XB) (Y-XPB)] (4)

Equation (4) shows the probability distribu-
tion of Y given X, B, and 0?, assuming a linear
regression model. It is also known as the like-
lihood function. In other words, the equation
demonstrates that the probability of observing a
value of Y given X, 5, and o? is proportional to
the probability density of a normal distribution
with mean Xf} and variance 0.

1 / (2ne?) ~(1/2) is a normalizing constant
that ensures that the probability distribution in-
tegrates to 1, while exp(-1/2 * (Y - XP)"T(Y
- XP)) is the probability density function of a
normal distribution, with mean Xp and vari-
ance o°.

The likelihood function of these variables
can be defined based on the probability density
function (pdf) above:

.1 1
p(Y|X, B, o*)=I1_| Tono® expl--—=

(Y=XB)'(Y-XP)] (5)
pX, B, 0% = (%) " expl— 5.
(Y=XB)(Y=X)] (6)

Equations (5) and (6) are the same equation,
just written in different forms. Equation (5) is
the sum of squared errors formula for linear
regression, while Equation (6) is the probabil-
ity density function of the normal distribution.
Both equations represent the likelihood func-
tion of the Bayesian linear regression model.

- vs® o 1
P&, B, 0%) (%) 2 exp[— =1x(0*) ™" exp[- -

(Y-Xp)'(Y-XP)] (7)

Equation (7) is the posterior distribution of
the Bayesian linear regression model, which is
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obtained by multiplying the prior distribution
by the likelihood function and then normalizing
the result.

The distribution of the prior conjugate is one
of the prior distributions that can be employed
in the Bayesian approach of a linear regression
model. The Bayesian technique can be used to
estimate the regression model parameters by
iterating at the marginal posterior. By multiply-
ing the prior distribution by the likelihood func-
tion, the posterior distribution is calculated.

Posterior « likelyhood x prior (8)

p(Y, X) < p(X, B, 0*)p(c*) p(c°) %)

Equation (9) is a Gibbs sampling algorithm,

a type of Markov Chain Monte Carlo (MCMC)
method, which is used to estimate the posteri-
or distribution of a Bayesian linear regression
model.

1
PYX) o€ ()" expl~ 51 (Y-XB)T(Y-XP)]

() Vexpl- 2] %
1

(@) 2 expl- 5= (B-w) B-w)  (10)

Equation (10) is the joint posterior distribu-
tion of the Bayesian linear regression model
with a normal prior distribution for the coeffi-
cients and an inverse gamma prior distribution
for the variance. The term vs*/2c6? is a scaling
factor that adjusts the shape of the distribution
to match the prior beliefs about the variance
of the error term. The larger the value of v, the
more spread out the distribution and the more
uncertainty there is about the variance.

The mathematical symbols used in the above
equations are specified as follows:

X: A matrix of independent variables.

Y: A vector of dependent variables.

B: The Greek letter beta, which is used to repre-
sent the regression coefficients.

0>:The Greek letter sigma squared, which is
used to represent the variance of the error
term.

N: The sample size.

n: The Greek letter pi, which is used to repre-
sent the product of a set of numbers.
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o: The symbol for proportionality.

V: The degree of freedom is the number of ob-
servations minus the number of parameters
in the model.

s?: The sample variance of the residuals in the
linear regression model.

A: A matrix that depends on the shape param-
eter k. The matrix A is used to penalize the
variance o? for being too large.

T: The superscript that refers to the transpose
of a matrix.

The MCMC algorithm can be used to es-
timate regression model parameters with a
Bayesian approach. Gibbs sampling is a typi-
cal MCMC algorithm. The process then iterates
until the burn-in conditions are met.

Results and Discussions

Our findings indicate that both financial ac-
cess and financial obstacles have a significant
impact on the capacity utilization of enterpris-
es. In particular, the mean parameter of the loan
variable is 0.05459, with a posterior mean prob-
ability of 95% and a credible interval of (0.0073,
0.102). This suggests that, with 95% certainty,
we expect the true value of the coefficient to
lie within the range from 0.0073 to 0.102. The
analysis further reveals a positive correlation
between a firm’s ability to access bank loans
and its capacity utilization or performance. This
implies that financial access strongly influences
the capacity utilization of manufacturing firms,
consistent with prior studies in the literature
(Fowowe, 2017; Mayordomo et al., 2021). The
mean coefficient of the financial obstacle is neg-
ative 0.022, with a credible interval of (-0.040,
-0.0042). This means that the true value of the
coefficient is likely to fall within this interval
with 95% certainty. The negative coefficient in-
dicates a negative relationship between finan-
cial obstacles and firm capacity utilization. This
means that, as financial obstacles increase, firm
capacity utilization decreases. This finding is
consistent with our expectations and corrobo-
rates findings from other studies in the literature
(Fowowe, 2017; Wang et al., 2022).

The association between firm capacity uti-
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lization and female top management (female
manag) is positive, but this is contrary to the
expectations of this study. The mean coefficient
of 0.012 is not statistically significant, as zero
falls within the 95% credible interval of (-0.065,
0.088). This means that there is not enough ev-
idence to conclude that there is a statistically
meaningful relationship between the gender of
managers and the capacity utilization of firms.
To verify this relationship, we examined the
effect of experienced female managers on ca-
pacity utilization by using the interaction be-
tween top female management and experience
(expfemale). We found that the mean coeffi-
cient of this interaction was negative, -0.00258,
with 95% certainty and a credible interval of
(-0.00495, -0.0002). The zero falling outside
the confidence intervals indicates a statistically
weakly significant relationship between factors.
On the other hand, the acquisition of fixed as-
sets such as equipment and land have a positive
effect on firm capacity utilization. However,
since zero falls between the lower and upper
credible intervals, the relationship is not statis-
tically significant.

Firm size also has a significant effect
on how well a firm uses its capacity, so in this
study, we used the number of employees as a
measure of firm size (employee). The mean co-
efficient of employees is 0215 with 95% cer-
tainty. The zero falls outside the 95% credible
interval, which implies a significant relation-
ship. This implies that, as business size grows,
so does firm capacity use. This is because
larger organizations can often distribute fixed
costs across a greater number of units, making
them more efficient. Furthermore, larger orga-
nizations may have greater resources, such as
money and labor, which can help them use their
capacity more effectively. Similarly, the appli-
cation of technology (licensed tech) also posi-
tively affects the capacity utilization of firms,
as the mean coefficient shows 0.0322 with 95%
certainty. This implies that enterprises that use
licensed foreign technology have higher capac-
ity utilization. This is because licensed foreign
technology can give enterprises access to new
and innovative manufacturing processes, al-
lowing them to create more output with the
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Table 2. The Bayesian method’s estimates of the research model’s results

Variable Mean Std. Dev MCSE Median Equal-tailed [95% Cred. Interval]
Experience 0.1093302 0.0387570 0.000194 0.1095488 0.0333224 0.1852724
Female manag 0.0120872 0.0393309 0.000197 0.0120727 -0.0652114 0.0888117
Expfemale -0.0025810 0.0012057 60.0e-06 -0.0025890 -0.0049477 -0.0002034
Loan 0.0545909 0.02426064 0.000122 0.0544078 0.0073935 0.1023207
Finance-obstac -0.0222798 0.0091568 0.000046 -0.0223024 -0.0402410 -0.0042068
Fixed asset 0.0242815 0.0236109 0.00012 0.0243003 -0.0223245 0.0704014
Employee 0.0215567 0.0086400 0.000043 0.0215871 0.0047703 0.0385861
Licensed_tech 0.0321788 0.0191365 0.000096 0.0321380 -0.0054169 0.0695884
Constant 3.8354220 0.1419317 0.000712 3.8346640 3.5578560 4.1173170
Var 0.1863127 0.0068631 0.000034 0.1861528 0.1733063 0.2001679
Avg acceptance rate 1
Avg efficiency: min 0.972
Max Gelman-Rubin Rc 1

Source: The author’s calculations

same amount of input. Additionally, licensed
foreign technology can assist firms to promote
their quality control and efficiency, which can
also lead to higher capacity utilization.

The findings of the present study reveal
that the managerial experience in the sector in
which the firm operates significantly affects the
capacity utilization of firms. The mean coeffi-
cient of experience is 0.1093302, with a cred-
ible interval of 0.0333224 and 0.1852724. Zero
falls outside the credible interval, which shows
that the true coefficient falls between the upper
and lower intervals with 95% certainty. This
implies that managerial experience related to
the sector in which the firm operates leads to
higher capacity utilization.

Table 2 shows that the average acceptance
rate is 1, exceeding the allowable minimum
value of 0.1 (Roberts & Rosenthal, 2001). The
Max Gelman-Rubin Rc, the estimation results,
are guaranteed to converge when the conver-
gence statistics of all the parameters in the mod-
el are less than 1.1 (Gelman and Rubin 1992).
The average efficiency (min) reached a value
of 0.972, exceeding the allowable minimum of
0.01. The greater the efficiency, the smaller the
Monte Carlo Standard Error (MCSE), resulting
in a more precise posterior mean estimate. The
estimation results show that the MCSE of all
variables is much smaller than the allowable
maximum of 0.05, which ensures the robust-
ness of the model (Flegal et al., 2008). There-
fore, our findings are robust, and our estimates
are reliable.
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MCMC Diagnostics

This study uses Bayesian analysis with
MCMC to estimate the parameters for the dy-
namic system, as described in the previous sec-
tion. We ran a total of 12,500 MCMC iterations
to carry out the Bayesian regression. The results
of the Bayesian linear regression are shown in
Table 1. To construct the posterior distribu-
tions using the MCMC sampler, stability and
convergence are required. The effective sample
size determines the stability of the estimations
(ESS). The ESS for all parameters is close to
the MCMC sample size, which is 40,000, as
Table 4 shows. As a result, all model param-
eters have MCMC efficiencies that are near 1.0,
which shows model robustness (Oanh et al.,
2022). The estimates are stable as a result. In
this study, we use a widely applied test known
as the Gelman-Rubin (Rc) convergence diag-
nostic for multiple series. Rc contrasts the vari-
ability among chains with the variability within
chains. Chains with a value below 1.1 are fully
converged (Thach, 2021). The convergence di-
agnostic of the MCMC algorithm is assessed
using the Gelman-Rubin statistic (Rc). The Re
values reported in Table 4 are all less than 1.1,
which indicates that the MCMC chains have
converged. This means that the chain values
match the posterior distribution, which is a nec-
essary condition for the posterior simulation to
comply with the Bayesian analysis’s require-
ments.

For the hypothesis test, Bayesian credible
intervals (BCIs) are used to summarize the un-
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Table 3. Bayestest Interval

Interval test Pr (mean) Std. dev. MCSE
Experience 0.95 0.21795 0.0010936
Female_manag 0.95 0.21795 0.0010897
Expfemal 0.95 0.21795 0.0010927
Loan 0.95 0.21800 0.0010961
Finance 0.95 0.21795 0.0010898
Fixed_asset 0.95 0.21795 0.0011022
Fmployee 0.95 0.21795 0.0010897
Licensed_tech 0.95 0.21795 0.0010897
Constant 0.95 0.21574 0.0010897

Source: The author’s calculations

Table 4. Gelman—Rubin convergence diagnostic & ESS

Variable Rc ESS Corr. time Efficiency
Experience 1.0000170 40000.00 1.01 1.0000
Female_manag 0.9999773 40000.00 1.00 1.0000
Expfemale 1.0000390 39767.81 1.00 0.9942
Loan 1.0000810 39832.17 1.00 0.9958
Finance 1.0001160 39507.32 1.00 0.9877
Fixed_asset 0.9999753 38880.39 1.01 0.9720
Employee 0.9999961 3953891 1.00 0.9885
Licensed_tech 1.0000350 40000.00 1.00 1.0000
Constant 0.9999692 39698.04 1.00 0.9925
Var 1.0000560 39670.57 1.01 0.9918
Number of chains 4
MCMC size, per chain 10,000
Max Gelman—Rubin Re 1.000192
MCMC sample size 40,000
Efficiency: min 0.972
Avg 0.9922
Max

Convergence rule: Re < 1.1
Source: The author’s calculations

certainty around the mean coefficients. Table 3
shows the probability mean coefficients, stan-
dard deviation (Std. dev.), Monte Carlo stan-
dard error (MCSE), and 95% BCls for the mean
coefficients. As the table shows, all coefficients
of the variables lie within their 95% credible
intervals. This means that we are 95% confi-
dent that the true value of each coefficient lies
within the interval. This indicates the stability
and reliability of these estimates. The MCSE of
all variables is minimal, which indicates the ro-
bustness of the estimates.

Visual Convergence Test of the model

To evaluate the effectiveness and validity of
Bayesian inference, the study used the MCMC
series convergence diagnostic test. Figure 1
shows the convergent series between capacity
utilization and financial access, financial obsta-

Published by Ul Scholars Hub, 2023

cles, and other controlled variables. To assess
convergence, the MCMC series convergence
diagnostic test utilizes trace plots, posterior dis-
tribution charts (histograms), autocorrelation
plots, and kernel density plots. The visual diag-
nostic of the graphs demonstrates that all model
parameters are credible, and trace and correla-
tion plots show low correlation. The chart ap-
pears to have a normal distribution and has a
uniform shape.

The convergence of the MCMC series is
significant since it ensures the reliability of the
Bayesian inference results. If the MCMC series
does not converge, the Bayesian inference esti-
mates may be incorrect and unreliable.

The trace plot depicts the MCMC chain’s
progress over time. If the trace plot shows that
the chain is randomly moving, the chain has not
converged. If, on the other hand, the trace plot
reveals that the chain is convergent to a single
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Figure 1. Visual convergence test
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value, the chain has converged.

The post-distribution chart displays the dis-
tribution of the MCMC chain, with a normal
distribution indicating convergence. The auto-
correlation chart shows the correlation between
the MCMC chain at different time points, with
decreasing correlation over time indicating
convergence. In short, these charts are used to
evaluate MCMC chain convergence. Conver-
gence is indicated by a normal distribution in
the posterior distribution chart and a decreasing
correlation in the autocorrelation chart.

The kernel density (plot density) chart shows
the density of the MCMC chain. If the kernel
density chart is a smooth curve, then the chain
has converged. However, if the kernel density
chart is not a smooth curve, then the chain has
not converged. From this, we can infer that the
Bayesian inference is robust (Nam et al., 2022).

Conclusions

Capacity utilization measures the efficiency
with which a firm utilizes its production ca-
pacity and other resources. It can significantly
impact a firm’s financial health and serve as a
critical performance indicator. Financial con-
straints, such as insufficient funding or high
debt levels, may impede a firm’s ability to in-
vest in new capital, thereby affecting its capac-
ity utilization. This study highlights the rela-
tionship between firm capacity utilization and
financial obstacles. Firms with high debt levels
and insufficient funding are more likely to have
lower capacity utilization rates. Robust esti-
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