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 Long term orientation, representative of industrial customer `s retention, repurchase aim 

and loyalty, is concerned as dependent variable in business marketing models. But 

business to business (B2B) relationship models deal with industrial customers in supply 
chain that their numbers are too small to apply classical structural equation modeling 

(SEM). Besides, discrete scales used in marketing researches will not provide SEM 

with normal conditions. To cope with these matters Bayesian approach for categorical 
data is introduced here. In the case study, Iranian industrial customers viewpoints have 

been investigated to find the path of factors affecting their long term orientation with 

their suppliers. This approach will be proper for conceptual B2B models in supply 
chain. 
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INTRODUCTION 

 

 Business to Business (B2B) relationship studies analyze concepts like trust, satisfaction, commitment and 

long-term orientation (customers' retention) for suppliers-manufacturers as well as manufacturers-customers 

industries relations named B2B relationships [51, 52, 53]. The first issue that casts doubt on normality 

assumption for standard structural equation modeling (SEM) is the small number of customer industries in B2B 

relationships. The first solution is partial least square (PLS) method introduced by Wold [64, 65, 66, 67, 68]. 

This non-parametric method is a combination of principal components analysis (PCA) and multiple regression 

which can be performed using a sample size of 10 times greater than the number of independent concepts that 

directly affect dependent concept as a rule of thumb [63]. Being able to perform SEM with small sample sizes 

has led to its use in marketing models for measuring customer satisfaction [20, 23, 33, 60, 62, 24]. Due to the 

frequent use of PLS, PLS Graph software is designed [17]. It has some capabilities like composite reliability, 

variance explained, tables representing convergent and discriminant validity, using Fornell's and Larcker's 

method. Despite its capabilities there are some deficiencies in comparison with maximum likelihood (ML) 

estimation method in standard and classical SEM. PLS software has no index for testing goodness of fit and 

assessing the model. Only the significance of each single path can statistically support the model's components. 

Rather, PLS non-parametric characteristics decrease its accuracy comparing with standard SEM [22]. 

 The second solution for the problem of sample size shortage in B2B marketing models of supply chains is 

selecting a set of electronics, textiles, metals and steel industries as the population and increasing the sample 

size for standard SEM analysis [18, 55]. Despite generalizing the assumptions in a wider population, this 

solution results in facing a very huge dispersion in the study due to the use of various industries with special 

conditions related to B2B relationships in their own supply chain. Furthermore, this model does not provide the 

possibility of applying a marketing model for a particular supply chain for examining customers` view of a 

unique industry. 

 In addition to the shortage of sample size, the discrete nature of questionnaire's items of B2B relationship 

researches influence on the normality assumption required for standard SEM in different ways such as attitude 

item, Likert scale and rating scale. For example, a five-point scale (consisting of very dissatisfied, dissatisfied, 

no idea, satisfied or very satisfied having the value 1 to 5, respectively) is used for measuring satisfaction. Even 

if a ten, hundred or more point scale is used, it will be taken as a continuous data in applied statistical approach. 
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Since it is difficult for respondents to rate such a high ranged spectrum, the ordered categorical scale with 

divisions less than ten-point scale becomes preferable in researches. These discrete data will make no problem 

for the normality assumption if the histogram corresponding to observations frequency is symmetric; i.e. the 

situation in which the majority of participants have chosen the middle points of the scale such as "no idea". 

Although, in some questions the extreme points such as very satisfied or very dissatisfied have the most 

frequency, this skewness or bi-modal state of the histogram will reject normality assumption. 

 Current study utilized SEM with Bayesian approach to solve both problems of small sample size and 

discrete data in B2B relationship researches. For this purpose, the standard SEM and its components, and then 

Bayesian approach in structural equation and finally the steps of implementing Bayesian SEM with ordered 

categorical data were presented by Amos. At the end, in two case studies using this method, industrial 

customers' opinion about their relationships with their own supplier companies were analyzed in high-order 

factor analysis model, i.e. a model in which some concepts are constituted from other concepts with their own 

measuring variables. 

 

Standard sem literature review: 

 The common two-step standard SEM in marketing and management research will be explained in this 

section [4]. Besides; content, convergent and discriminant validity were described accompanied with the reasons 

behind using Bayesian approach. 

 

Standard SEM bases: 

 Conceptual models of relational marketing theories are composed of some concepts such as consumer 

behavior, satisfaction, trust, commitment and the relationships among them. These concepts are latent variables 

that are measured by explicit and observable variables. Latent variables were directly measured through 

manifest variables of questionnaire questions. Although, the latent variables could not be directly measured, 

they would be measured using a linear combination of several observable variables. 

 SEM is often used to examine the significance of relationships among concepts (latent variables) in 

marketing models which is composed of two parts: measurement and structural. In measurement part, 

confirmatory factor analysis (CFA) model examines the relationship between latent and manifest variables 

related to them concerning measurement error. The necessity of measurement part before testing hypotheses in 

structural part is such that various marketing researches have criticized methods of discriminant and convergent 

validity calculations [19, 56]. 

 Before filling questionnaire, content validity, should be examined to assure that questions would present the 

desired concept in conceptual model. Rather, to determine that operational definition of concepts are covered 

with manifest variables according to expert views. To this end, content validity ratio (CVR) ranging from -1 to 1 

will be calculated for each item depending on experts' opinion. The closer this value to 1, the more necessary the 

related item would be for measuring latent variable. Lawshe (1975) proposed different threshold values for 

confirming an item according to different number of experts. After accepting the questions for the final 

questionnaire from CVR analysis, final questionnaires will be filled by the main samples. Eventually CFA for 

convergent and discriminant validity confirmation will be conducted. Convergent validity represents for the 

convergence of related manifest variables with their related latent variable while, discriminant validity checks 

the difference between latent variables with their own constituent items. 

 There are various ways for measuring discriminant validity. First, CFA model with the correlation between 

two concepts (latent variables) fixed to 1 should be compared with CFA model with no correlation between 

concepts. If the goodness of fit criteria like chi-square in the first state becomes significantly greater than the 

second state, discriminant validity will be confirmed [4]. Second, if 1 is not in contained in the confidence 

interval of the correlation between two latent variables in CFA, discriminant validity will be confirmed [6]. 

Third, correlation matrix of latent variables should be presented. Diagonal quantities are the second root of 

average variance extracted (AVE), while the correlation between latent variables are below them in this matrix. 

If diagonal quantities become greater than the correlations below them, discriminant validity will be accepted 

[21]. 

 In order to examine convergent validity, the statistical significance of Lambda coefficients of manifest 

variables related to latent variables should be tested in CFA [4]. Rather, if AVE in correlation matrix of latent 

variables becomes equal or greater than 0.5, convergent validity will be confirmed [21]. 

 Using path analysis concept, the structural part regresses endogenous (dependent) latent variables with the 

linear terms of some endogenous and exogenous (independent) latent variables. The only difference is that in 

path analysis the variables are manifest and observable while in structural part of SEM, the variables are latent. 

Structural parts in conceptual models of B2B relationship examine the relationship between theoretical concepts 

which are research hypotheses. At last, goodness of the fit criteria will check the model's appropriateness. Since 

latent variables in standard SEM are randomly chosen, they cannot be directly performed by usual regression 

models based on raw observations; thus, LISREL is used to perform two-step standard SEM [34]. 
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Reasons behind Bayesian SEM application: 

 In some cases, marketing models questionnaire respondents are the individual final consumers with 

business to customer (B2C) relationship so that sample size of 10 per items of questionnaire or at least sample 

size coverage of 300 can confirm normality assumption in standard SEM. However, if the product is semi-final 

and company' customers have B2B relationship in supply chain, the number of respondents and sample size is 

going to be much lower than the least required size for supplying normality conditions. Nonetheless, Bayesian 

approach provides the possibility to use SEM in small sample size with the accuracy of standard SEM through 

simulation methods by data augmentation. After putting the literature on classical SEM main parts in a nutshell 

and highlighting the underlying importance of Bayesian approach, recent researches on Bayesian SEM will be 

reported. 

 

Bayesian sem bases literature review: 

 This section will first explain comparison between Bayesian and standard method, data augmentation by 

simulation, prior and posterior distribution, convergence and checking Bayesian SEM model. Second, the ways 

of transferring discrete data to continuous accompanied by measurement and structural parts of Bayesian SEM 

for ordered categorical data with the posterior simulation algorithm of unknown parameters will be presented. 

 

Comparison between Bayesian and Standard SEM: 

 Raw individual random observations are more emphasized in developing Bayesian methods than sample 

covariance matrix related to standard SEM for various reasons [37]. First, developing statistical methods based 

on first moment properties of the raw individual observations is simpler than the second moment properties of 

the sample covariance. Second, the Bayesian approach models manifest variables with latent variables directly 

through the ordinary regression equations, so that it can use common regression methods such as outliers and 

residuals analysis. Third, besides existing information in observed data, Bayesian approach can use genuine 

prior information of experts and analysis of similar and previous data to come to better results and reach more 

reliable results for small samples using some statistics such as mean and percentiles of the posterior distribution 

of the unknown parameters. 

 Broadening the horizon, it should be explained that prior distributions are informative and non-informative. 

When the prior is non-informative, distributions with high variance such as uniform distribution should be used; 

otherwise, informative prior distributions with hyper-parameters are preferred. In Bayesian approach, conjugate 

prior distributions are more common because the property of posterior distribution follows the same parametric 

as prior distribution [27]. 

 Although, unknown parameters in marketing models often have non-informative prior distribution, their 

Bayesian estimations are close to ML estimations related to standard SEM. To clarify this, let M as an SEM 

model with unknown parameters  , and let Y be the observed data set of raw observations with the sample size 

of n.   in standard SEM with ML method is not random, while in Bayesian approach, it is random with a 

distribution called prior distribution and an associative prior density function, say, 
)/( Mp 

. Let 

)/,( MYp 
be the probability density function of joint distribution of   and Y under M. The behavior of   

under the given data Y is fully described by conditional distribution of   given Y, called posterior distribution; 

 . Let 
),/( MYp 

 be the density function of posterior distribution, named posterior density function. 

Consider the following Bayesian relationship. 

)/(),/()(),/()/,( MYpMYppMYpMYp  
    Eq.1 

)/( MYp
 is constant ,since it is independent of  . Therefore, the logarithm of Eq.1 will be: 

)(log),/(log),/(log  pMYpMYp 
      Eq.2 

 In Eq.2, 
)(plog 
 is logarithm of the prior distribution and 

),/(log MYp 
 is the logarithm of 

likelihood function. While, 
),/(log MYp 

 is the logarithm of posterior distribution that will be used to 

estimate the unknown parameters. Thus, Eq.2 indicates when the prior distribution is non-informative, its 

logarithm will equal to zero so that the estimation accuracy of Bayesian approach would be equal to ML 

estimation in standard SEM. 

 Estimating the Bayesian parameters by posterior distribution becomes possible after presentation of data 

augmentation. The main idea is to augment the observed data with latent quantities such as latent variables i.e., 

to treat latent quantities as hypothetical missing data (like assuming continuous variables for ordered categorical 

or dichotomous data) and augment the observed data with them so that the posterior distribution based on 
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complete data set becomes relatively easy to analyze. This statistical calculation tools for this method are 

simulation methods of Monte Carlo Markov Chain (MCMC) such as Gibbs sampler [28], and Metropolis-

Hastings algorithm [31, 42]. While Amos software uses only Metropolis-Hastings algorithm, Win BUGS 

software has both these simulation algorithms [57]. The difference between these two simulation algorithms is 

that Gibbs sampling works with standard conditional distribution like Normal, Gamma and Wishart distributions 

with more direct simulation capability, while non-standard conditional distribution can be solved by Metropolis-

Hastings algorithm. 

 

Convergence: 

 Conditional posterior distributions become convergent with an exponential rate to the desired posterior 

distribution after reaching sufficient number of iteration. Before the J
th

 iteration, stimulated observations are not 

representative of posterior distribution. Therefore, they will be removed until convergence at the burn-in 

iteration J. There are two criteria for the diagnosing convergence. First, generated parallel sequences started 

with different initial values should be mixed well together at convergence. Second, based on different starting 

values of structural parameters and latent variables, parallel sequences of observations are generated and the 

estimated potential scale reduction (EPSR) values corresponding to parameters are calculated sequentially as 

runs proceed. Convergence of these sequences will be achieved while EPSR values become less than 1.2 [25]. 

The convergent statistics less than 1.002 are confirmed in Amos software [26]. To obtain a less correlated 

sample, observations may be collected in cycles with indices J+c , J+2c ,…, J+Tc for some spacing c with 

default quantity 1. 

 

Checking Model: 

 For assessing the goodness of fit in Bayesian approach, deviance information criterion (DIC) and Bayes 

factor are used for comparing models, but posterior predictive p-value (PP p-value) is used for checking the 

model's validity and not for comparison. PP p-value must be near 0.5 to confirm the model [41]. 

 

Transferring Continuous Data to Discrete Data: 

 Likert scale and discrete nature of the data is another problem affecting on normality assumption in B2B 

relationship models. To solve this problem, these discrete data are considered as observations derived from 

latent continuous normal distribution with a threshold specification [37]. Responders usually choose discrete 

data in Likert scale according to the hypothetical continuous range in their mind. To explain this, suppose the 

exact value of y observation is not known in 5-point scale; calculating the cumulative frequency of 1 to 5 for 

each item, their cumulative probability in standard normal distribution 
)1,0(N

 will be obtained and then 

threshold specification, 
)k(f

1
, in which 

)(kf
 is the cumulative probability of each option (1 to 5) will be 

determined. In this 5-point Likert scale in which the exact amount of y is unknown but it is measured using the 

observed ordered categorical variable Z, we have: 

4,3,2,1;1  ky kk 
 if kZ         Eq.3 

k
 is threshold specification and 

 43210 
 

 

Bayesian SEM Model with a Combination of Discrete and Continuous Data: 

 It must be explained that if the numbers of Likert scale in the questionnaire are smaller than 10, variables 

will be assumed discrete data and if they are greater than 10 (e.g. 100) they will be assumed continuous data. If 

 nxxx ,...,1
 is a set of continuous observed data (the scale greater than 10), and 

 TsZZZ ,...,1
 is a set 

of ordered categorical observed data (the scale smaller than 10). If 
 yxV ,

, is the vector for the two groups 

of continuous observed data x, and continuous non-observable data y, then the relationship between y and Z will 

be as follows: 

 

 

 

      Eq.4 
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respectively. 
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ni ,...,2,1
       Eq.5 

Where;  1p
 is intercept vector,  qp

 is load factor matrix,  1qiw
 is random latent vector, and  1pi  is 

error random vector with 
),0( N

 distribution. 

iiii  
         Eq.6 

Where;    2111
, qqqq  

 are matrices of regression coefficients,    11 21
,  qiqi 

 are sub-vectors of latent 

variables,  11qi  is error random vector with 
),0( N

 distribution. 

Finally, the following algorithms generate 
        1111 ,,,   mmmm y

 estimations after m iteration through 

MCMC method. 

First step generates 
      Z,x,y,,/p

mmm)1m(  

; 

Second step generates 
      Z,x,y,,/p

mm1m)1m(  

; 

Third step generates 
      Z,x,y,,/y,p

m1m1m)1m()1m(  
. 

Here, observed data 
 Z,x

 are augmented with the latent data 
 ,y

 in posterior analysis. Joint Bayesian 

estimates of  , unknown threshold in 
 

s1 ,..., 
 and the structural parameter vector   containing all 

unknown parameters in   ,,,,
 and 

 will be obtained [37]. 

 

Methodology: 

 Analysis of industrial marketing models in their supply chains requires performing Bayesian SEM with 

ordered categorical data because of small sample size of industrial customers in B2B relationship and the 

discrete Likert scale used in questionnaires instead of classic SEM. The required procedures for this approach by 

Amos would be as follow: 

Step1. At first, the main form of SEM model should be designed and saved by Amos graphics in measurement 

and structural parts. 

Step2. The data should be entered to the software as raw data not as covariance matrix. Then the recode option 

should be active to convert ordered categorical variables into normal and continuous variable; at the end, the 

option for estimating the mean and intercept should be chosen in software for running Bayesian estimation 

mode. 

Step3. CFA models should be created for every latent variable (concept). To implement each of these models in 

Bayesian mode, SEM with non-informative prior like uniform distribution should be run. If convergence 

statistics become less than 1.002 then estimations before the burn-in iteration J will be removed, and after T 

iteration, estimations of posterior distribution of unknown parameters will be calculated. The mean of these 

estimates plays the role of Lambda coefficient for each parameter in measurement part. After T iterations, the 

algorithms should be stopped to calculate the mean of posterior distribution for unknown Lambda and their 90% 

confidence interval. If the confidence interval did not include the value 0, the significant effect of the manifest 

variables on latent variables will be confirmed. To determine the model it is required to fix one of the lambda 

coefficients related to each concept to 1. In order to select this fixed variable, CFA model is performed for each 

concept with fixed variance of 1 and the significant variable which shows the highest Lambda is going to be 

fixed to 1. In the next run of CFA, variance of latent variable is released and the coefficient for the selected 

manifest variable would be fixed to 1. At this step, the possibility to identify observed variables with significant 

effect on each concept (convergent validity) by analyzing a 90% confidence interval will be provided. The CFA 

model for each concept will be run again after removing non-significant variables from each CFA model. Then 

PP p-value should be calculated so that its proximity to the 0.5 could check the appropriateness of CFA part for 

each concept. Through conducting CFA for each concept in this way, convergent validity will be confirmed for 

all the concepts of SEM model. 

Step4. Discriminant validity will be examined by creating CFA models with two latent variables (concepts) for 

all binary combinations of SEM`s concepts. In these CFA models, the correlation between two concepts will be 

free so that the 90% confidence interval of correlation between them can be determined after convergence 

stopped the Bayesian algorithm. If the interval of correlation contains no 1, the discriminant validity between 

these concepts will be confirmed. 

Step5. If there is a model with second order concepts, which its concepts (in second order) are measured with 

other concepts (in first order) with manifest variables related to its first order concepts. To determine the second 
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order concept, CFA model should be run while fixing the variance of second order concept to 1; meanwhile, the 

coefficient of the link between second order concept and first order concepts with the highest coefficient should 

be fixed to 1. The significance of coefficients relating second order concept with first order concepts will 

confirm the convergent validity of the second order concept. To test the discriminant validity and reduce the 

complexity of binary comparisons, in CFA models only the second order concepts will be compared with other 

concepts of the model. 

Step6. After editing main graphical design according to convergent & Discriminant validity results in 

measurement part, i.e. fixing some coefficients for model determination and deleting manifest variables with no 

significant effect on their underling concepts, the final model will be ready for running the structural part and 

hypothesis testing. By running the final SEM in Bayesian mode with recoded variables and non-informative 

prior, Simulation algorithm will be stopped after convergence. Then PP p-value as the fit index will be 

calculated while, its closeness to 0.5 will confirm reliability of the model. The posterior mean of unknown 

coefficient parameters between concepts (Gamma and Beta) with 90% confidence interval will be calculated. 

Having no 0 value in this interval will confirm the relationship between research concepts and will support the 

research hypotheses. 

 

Case study: 

 Industrial customers of Iran Alloy Steel and Pars Refractory in their own supply chains, having a long-term 

relationship of at least 3 years with these two companies, participated in this survey to evaluate effective factors 

maintaining industrial customers through B2B relationship. Since the population of Iran Alloy Steel industrial 

customers was 60 meanwhile 40 customers for Pars Refractory, gathered sample sizes were 41 and 24 

respectively. Respondents contained purchasing, finance, technical and chief manager from each customer 

factory in supply chain. Questionnaires were filled from 2013 to 2014. 

 Polo and Cambra (2007) re-evaluated the relationships between companies in supply chain and found 

cooperation, communication, trust, commitment, satisfaction and long-term orientation the main factors in B2B 

relationship with intervening variables of consistency with expectations, type of product (intermediate or final) 

and firm size in their qualitative research. Then, they applied quantitative approach standard and classic SEM to 

study the effect of each intervening factor on relational marketing main concepts extracted from the interviews 

of their qualitative research in B2B relations [11, 51, 52, 53].Current study has used the main concepts of 

Cambra and Polo`s work with different operational definitions. In addition, second order latent variables of 

perceptions and expectations from American Customer Satisfaction Index (ACSI) with different operational 

definitions have been added to this conceptual model. The operational definitions of these two added concepts 

have changed them to second order concepts, i.e. first order concepts, manufacturing outputs like cost (C), 

quality (Q), delivery (D), flexibility (F) and innovation (I), are defined for any second order concept of 

perception and expectation, while the operational definition for these manufacturing outputs are derived from 

Miltenburg book (2005), "Manufacturing and production strategy", accompanied by industrial experts 

viewpoints. Table-1 determines the sources of operational definitions for all these adjusted model concepts. 

 
Table 1: Model Concepts 

Concept References 

Cooperation [12] 

Communication [3, 46, 47, 45] 

Trust [48, 18] 

Commitment [2, 48] 

Satisfaction [3, 12] 

Long term orientation [48, 18] 

Perception [43, 44, 13] 

Expectation [43, 44, 13] 

 

 In Table-2, sources for relationships between the model concepts, i.e. the research hypotheses sources are 

presented. 

 
Table 2: Model Hypotheses. 

Hypotheses References 

H1: Trust effects on satisfaction [8, 40, 51, 52, 53, 29, 50, 58, 69] 

H2: Trust effects on cooperartion [51, 52, 53, 54, 39, 9, 35, 7] 

H3: Trust effects on commitment [30, 40, 51, 52, 59, 36, 54, 14, 50, 58, 61, 15, 16, 

49] 

H4: Communication effects on trust [30, 40, 51, 52, 53, 70] 

H5: Communication effects on satisfaction [40, 51, 52, 53, 11, 5] 

H6: Cooperation effects on satisfaction [51, 52, 53, 11, 7] 

H7: Satisfaction effects on commitment [1, 40, 51, 52, 53, 29, 15] 

H8: Satisfaction effects on long term orientation [1, 32, 51, 52, 53] 

H9: Commitment effects on long term orientation [1, 30, 51, 52] 
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H10: Expectation effects on perception [60, 62] 

H11: Perception effects on satisfaction [38, 60, 62, 11, 10] 

H12: Perception effects on long term orientation [13] 

H13: Perception effects on trust [30] 

 

 Before filling questionnaire by industrial customers, 15 academic experts and supply chain managers 

reviewed the items for defining the concepts of this survey. Questions with content validity ratio greater than 

0.49 are selected and the rest are omitted according to Lawshe's table. The final questionnaire is presented in 

Appendix. Note that because of different properties of Steel and Refractory products, 10 and 15 items are 

respectively selected for covering eight manifest variables (questions) definining quality concept related to 

perception and expectation. After filling the final questionnaires, convergent and discriminant validity are 

analyzed using Bayesian approach explained in step3 and 4. 

 For each Steel and Refractory factories, tables-3 and 4 show the variables that their corresponding 

coefficients are fixed to 1 for determining the model according to step3. Rather, variables having no significant 

relationship with their own concept (existence of the value 0 in their 90% confidence interval) are omitted. Then 

remaining manifest variables in the model are used for checking convergent validity through CFA models for 

each concepts according to step3. 

 
Table 3: Convergent Validity in Measurement Part (Steel). 

Steel 

Latent variable Fixed 
variable 

Significant variables Omitted variables pp p-value 

Cooperation (CP) P1 CP2,CP4,CP5 CP3,CP6 .47 

Communication (CO) O2 CO1,CO4,CO6 CO3,CO5,CO7 .47 

Trust (TR) R5 TR1,TR3,TR4,TR6 TR2 .45 

Satisfaction (SA) A3 SA1,SA2  .49 

Commitment (CM) M5 CM1,CM3 CM2,CM4,CM6 .48 

Perception (PE) F PC, PQ, PD,PI  .4 

Perceived Cost (PC) C3 PC1,PC2  .49 

Perceived Quality (PQ) Q7 PQ1,PQ2,PQ3,PQ5,PQ6,PQ8,PQ10,PQ11,PQ13-

15 

PQ4,PQ9,PQ12 .43 

Perceived Delivery (PD) D4 PD1,PD2 PD3 .48 

Perceived Flexibility 

(PF) 

F3 PF1,PF4 PF2 .48 

Perceived Innovation 
(PI) 

I2 PI1,PI3  .46 

Expectation (EX) F EC,EQ,ED,EI  .41 

Expected Cost (EC) C1 EC2,EC3  .5 

Expected Quality (EQ) Q2 EQ6,EQ8,EQ10,EQ11 EQ1,EQ3-

5,EQ7,EQ9,EQ12-
15 

.46 

Expected Delivery (ED) D3 ED2,ED4 ED1 .48 

Expected Flexibility (EF) F2 EF1,EF4 EF3 .48 

Expected Innovation (EI) I3 EI1,EI2  .45 

Long term orientation 
(LT) 

LT3 LT1,LT2,LT4 LT5 .47 

 

Table 4: Convergent Validity in Measurement Part (Refractory). 

Refractory 

Latent variable Fixed 

variable 

Significant variables Omitted variables pp p-value 

Cooperation (CP) P5 CP1-4,CP6  0.41 

Communication (CO) CO5 CO1,CO2,CO4,CO6,CO7 CO3 0.42 

Trust (TR) TR3 TR1,TR2,TR5,TR6 TR4 0.43 

Satisfaction (SA) SA3 SA1,SA2  0.45 

Commitment (CM) CM2 CM4,CM5,CM6 CM1,CM3 0.46 

Perception (PE) PF PC,PQ,PD,PI  0.39 

Perceived Cost (PC) PC3 PC1,PC2  0.45 

Perceived Quality (PQ) PQ6 PQ1,PQ2,PQ5,PQ7-10 PQ3,PQ4 0.43 

Perceived Delivery (PD) PD4 PD1,PD2,PD3  0.45 

Perceived Flexibility (PF) PF1 PF2,PF3,PF4  0.47 

Perceived Innovation (PI) PI1 PI2,PI3  0.48 

Expectation (EX) EI EC,EQ,ED,EF  0.4 

Expected Cost (EC) EC2 EC1,EC3  0.46 

Expected Quality (EQ) EQ1 EQ2,EQ3,EQ5,EQ10 EQ4,EQ6-9 0.41 

Expected Delivery (ED) ED4 ED1,ED2,ED3  0.47 

Expected Flexibility (EF) EF4 EF1,EF2,EF3  0.46 

Expected Innovation (EI) EI3 EI1,EI2  0.48 

Long term orientation (LT) LT3 LT1,LT2,LT4,LT5  0.48 
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 Then in tables-5 and 6 the 90% confidence intervals are specified between binary latent variables (concepts) 

for Steel & Refractory companies. Since the value 1 has not been among the intervals, discriminant validity is 

confirmed. 

 
Table 5: Discriminant Validity in Measurement Part (Steel). 

Steel 

Concepts Confidence interval Concepts Confidence interval 

CM-CO (-.4721,.2336) SA-TR (.3052,.8435) 

CM-CP (-.63,-.0735) EX-CM (-.3928,.119) 

CM-LT (-.0515,.2526) EX-PE (.1464, .539) 

CM-SA (-.1157,.2401) EX-CP (-.6434,.082) 

CM-TR (-0.2747,0.2057) EX-LT (-0.1194,0.2932) 

CO-CP (0.0544,0.6146) EX-SA (-0.2066,0.2897) 

CP-LT (-0.2023,0.1462) EX-TR (-0.1589,0.3964) 

CP-SA (-0.1349,0.3141) EX-CO (-0.9064,0.068) 

CP-TR (-0.1382,0.4657) PE-CO (-0.8211,0.0483) 

CO-LT (-0.0746,0.3087) PE-CP (-0.4707,0.1061) 

CO-SA (-0.0259,0.5162) PE-CM (-0.0555,0.4824) 

CO-TR (-0.1206,0.5231) PE-LT (0.0156,0.5623) 

LT-SA (0.1568,0.5366) PE-SA (0.0023,0.4127) 

LT-TR (0.2031,0.6250) PE-TR (-0.0204,0.5108) 

 

Table 6: Discriminant Validity in Measurement Part (Refractory). 

Refractory 

Concepts Confidence interval Concepts Confidence interval 

CM-CO (.363,.428) SA-TR (.0413,.5017) 

CM-CP (.0455,.5917) EX-CM (.0019,.1298) 

CM-LT (.0801,.76) EX-PE (.0068,.0212) 

CM-SA (.0248,.5586) EX-CP (.0018,.0863) 

CM-TR (0.0292,0.5353) EX-LT (0.0299,0.0530) 

CO-CP (0.11,0.2325) EX-SA (0.0004,0.0262) 

CP-LT (0.0217,0.5122) EX-TR (0.0012,0.0544) 

CP-SA (0.0280,0.6598) EX-CO (0.0012,0.0513) 

CP-TR (0.0342,0.4344) PE-CO (0.0073,0.0769) 

CO-LT (0.0434,0.4182) PE-CP (0.0139,0.4485) 

CO-SA (0.0266,0.3310) PE-CM (0.0254,0.2849) 

CO-TR (0.0083,0.2182) PE-LT (0.0297,0.4907) 

LT-SA (0.1362,0.776) PE-SA (0.0199,0.4565) 

LT-TR (0.0056,0.3252) PE-TR (0.0313,0.2872) 

 

 After investigating measurement part through convergent and discriminant validity, the final graphical SEM 

model is shown for example for Steel factory in figure-1, by fixing manifest variables to 1, and keeping the 

significant ones. 

 

 
 

Fig. 1: Final Bayesian SEM Model (Steel). 
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 After running the final SEM models, results of hypothesis testing are presented by analyzing structural part 

with PP p-value in table-7 for both Steel and Refractory companies. If the confidence interval of posterior 

distribution means of the unknown parameters does not include 0, significant relationships between the model 

concepts will be supported. 

 
Table 7: Hypothesis Testing in Structural Part. 

 Refractory Steel 

PP p-value 0.39 0.4 

Hypotheses Support/ Not 
support 

90% confidence 
interval 

Support/ Not 
support 

90% confidence interval 

H1: Trust effects on satisfaction Not support (-7.2684،4.9429) Support (0.7468،2.2538) 

H2: Trust effects on cooperation Support (0.93،1.9264) Not support (-0.5305،0.5575) 

H3: Trust effects on commitment Support (0.0954،3.6447) Support (0.0298،4.2958) 

H4: Communication effects on trust Support (0.7661،3.0778) Support (0.0206،0.3425) 

H5: Communication effects on satisfaction Support (0.8056،8.1752) Not support (-0.2666،0.207) 

H6: Cooperation effects on satisfaction Not support (-4.7463،4.5741) Not support (-0.1518،0.3364) 

H7: Satisfaction effects on commitment Not support (-0.2099،0.9812) Not support (-3.1029،0.0374) 

H8: Satisfaction effects on long term 

orientation 

Not support (-0.1534،1.0198) Support (0.3896،0.8131) 

H9: Commitment effects on long term 

orientation 

Support (0.0423،0.736) Support (0.0035،0.2525) 

H10: Expectation effects on perception Support (0.0279،0.1464) Support (0.1898،0.8138) 

H11: Perception effects on satisfaction Not support (-0.9573،0.7611) Not support (-0.212،0.117) 

H12: Perception effects on long term 
orientation 

Not support (-0.3723،2.0251) Not support (-0.0631،0.2337) 

H13: Perception effects on trust Support (0.9209،2.8294) Support (0.0694،0.6766) 

 

 Results showed that Steel industrial customer expectation affects their trust to this company through its 

effect on their perception; this trust will lead to their satisfaction which can result in their long-term orientation 

to this company. In refractory company, however, industrial customers' expectation influences their perceptions, 

so that this perception could influence their commitment to this company through the industrial customers' trust; 

customers' commitment is the reason for their long term orientation with this company. 

 

Conclusion: 

 Normality condition for using standard and classic SEM is spoiled and rejected because of the lack of the 

number of industrial customers in supply chain of manufacture or supplier companies, and the discrete nature of 

Likert scale in the questionnaire for B2B relationship models in supply chains. Polo and Cambra (2007) have 

tested B2B model, but they had to choose the whole customer factories of wine industry to increase the numbers 

of samples to 153 for usability of standard SEM. Wold (1982) introduced PLS approach instead of classic SEM 

to cope with low volume samples and categorical scales which makes the condition nonparametric, but with less 

accuracy than standard and classic SEM. Current study introduces Bayesian SEM models for ordered 

categorical data, and its application procedure in Amos. Then, two case studies in two different factories are 

conducted using only their own industrial customers to find factors affecting their long term orientation. This 

suggested that not only Bayesian SEM can provide each factory with the conceptual model in B2B relationship 

in supply chains by its own customers without combining the customer factories in its related industry, but also 

can act better than the common PLS method in analyzing SEM models with small size and discrete data in B2B 

relationship models. Bayesian approach has the capability of using prior information and its accuracy in small 

size is like classic SEM. This Bayesian approach can break through further researches in B2B relationships in 

supply chains with low volume population even better than common PLS method. 
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APPENDIX 

Questions should be answered in 5-point scale from 1 standing for very dissatisfied to 5 representing very 

satisfied 

- Trust (TR1-TR6) 

1- This supplier will fulfill its commitment to our company. 

2- Information given by this supplier is confident. 

3- This supplier considers our benefits like itself. 

4- Our company always should concern this supplier works. (Inverse) 

5- Ethics is important for this supplier so that it can deliver raw material on time. 

6- There is no need to test its product every time as it is accountable. 

- Long term orientation (LT1-LT5) 

1- Our company will purchase its products next year. 

2- Our company is going to repurchase its products in next 3 years. 

3- Long term relationship with this supplier will be beneficial. 

4- Continuing relationship with this supplier is valuable even with some trouble for our benefits. 

5- Our company is ready to make long term contract with this supplier. 

- Satisfaction (SA1-SA3) 

1- Our company is not reluctant for business relationship with this supplier. (Inverse) 

2- Our company is satisfied with this supplier. 

3- If we were going to select supplier, we would choose this supplier again. 

- Commitment (CM1-CM6) 

1- Our company is so loyal to this supplier that will support it under difficulties. 

2- Our company is trying to find other suppliers to prevent the monopoly. (Inverse) 

3- If another supplier present better raw material, we will certainly accept this proposal even though it stops 

relationship with this current supplier. (Inverse) 

4- As working with this supplier is proper for us, we are ready to invest in this supplier `s company to retain 

long term relationship. 

5- Cutting relationship with this supplier is not beneficial, because of the lack of substitution. 

6- It is too expensive to stop relationship with this supplier. 

- Communication (CO1-CO7) 

1- This supplier is informing us about the unexpected delay in delivery, on time. 

2- This supplier `s information about its product` s characteristics is reliable. 

3- This supplier wants us to give feedback about its products in comparison with other supplier `s. 

4- This supplier `s procedure for investigating customer `s complaint is satisfying. 

5- This supplier informs us about its products characteristics completely. 

6- Contracts made by this supplier completely clarify both sides expectation. 
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7- This supplier has online access on our company `s material inventory level by electronic data interchange 

(EDI) technologies. 

- Cooperation (CP1-CP6) 

1- We both try to solve problems each others problems, like units inside an individual company. 

2- We both try to gain benefits for each other. 

3- Bargaining position is not one sided. 

4- We both should try for each others success, as our survival is dependent in the competitive world. 

5- This supplier helps us to improve our product `s design by applying its material. 

6- Our company is ready to share its resources to improve this supplier production process. 

Two concept, perception and expectation with the same questions are scored with 5-point scale from 1 standing 

for extremely worse than market competitor to 5 representing extremely better than market competitors. 

- Flexibility (PF1-PF4) (EF1-EF4) 

1- This supplier `s capability in representing various main products (order volume more than the minimum 

production volume). 

2- This supplier `s capability in representing various intermediate products (order volume more than the 

minimum production volume). 

3- This supplier `s capability in accepting the least order, before making contract. 

4- This supplier `s capability in changing order volume after making contract. 

- Innovation (PI1-PI2) (EI1-EI2) 

1- Number of new products introduced by this supplier. 

2- Number of new required products which are out of this supplier `s routine products. 

3- Delivery time for new products arrival to market. 

- Cost (PC1-PC3) (EC1-EC3) 

1- Product price according to the accepted quality. 

2- Payment time conditions. 

3- Total price concerning holding, transportation, customs, assurance and after sale service costs. 

- Quality (PQ1-PQ8) (EQ1-EQ8) {According to the eight items, 15 items for Steel (PQ1-PQ15) (EQ1-EQ15) 

and 10 items for Refractory (PQ1-PQ10) (EQ1-EQ10) are defined related to their own special characteristics, 

but they are not named here for the factories security} 

1- Product performance. 

2- Conformance to standards. 

3- Reliability. 

4- Features like before and after sale service. 

5- Product `s life cycle. 

6- Product `s safety. 

7- Capability to be repaired. 

8- Aesthetics 

- Delivery (PD1-PD4) (ED1-ED4) 

1- On time delivery percentage (according to contract). 

2- Number of delivery delays. 

3- Delay times. 

4- Delivery time. 


