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5.5 Summary

In this chapter we discussed three different types of BN which can be found from the

data. The PSEM takes the SEM developed from theory by the researcher and converts it

into a BN. This allows SEM practitioner to take a step forward by adding the capability

to perform what-if analysis onto the network. On the other hand we have the EBN,

which can be used without any prior knowledge regarding the data, as the process is

purely data-driven. This can assist the practitioner in dynamically exploring the data.

We can also generate a network that makes use of both the theory and data, called Semi-

PSEM, where factors are defined according to the theory and the structural paths are

constructed using a data-driven unsupervised approach. These BNs have been applied

to the Facebook advertisement data which are displayed once again in figures 5.17, 5.18,

5.19 for convenience. They have all given results which correspond with a SEM performed

with SPSS AMOS.

Figure 5.17: PSEM
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Figure 5.18: EBN

Figure 5.19: Semi-PSEM



Chapter 6

Conclusions

This chapter summarises the main results of the work done in this dissertation. Section

6.1 wraps up the key points of the dissertation and section 6.2 considers future work

which can come from this dissertation.

6.1 Summary of Conclusions

Chapter 2 discussed the developments, both historic and current, as well as some inter-

esting applications of SEM in the form of a literature review. The topic of SEM was

followed in chapter 3, where the principles and processes behind SEM were covered. We

then moved on to the field of graph theory in chapter 4. In chapter 4, we concluded

that both SEM and BN are DAGs and it is possible for the structure of a SEM to be

learned from data, using algorithms such as maximum weight spanning tree (MWST)

and equivalence class (EQ) to find the initial network, cluster the variables according to

mutual information, induce a factor for each cluster and learn the network among factors

using Taboo algorithm to obtain an exploratory Bayesian Network (EBN).

This idea of EBN was applied along with other types of BNs in chapter 5. EBN is

a BN derived from a data-driven perspective, parallel to the researcher’s theory-based

SEM. The researcher need not necessarily use the information from EBN but instead

directly convert the SEM into a PSEM to conduct what-if analysis. It is also possible to

specify the factors according to the theory and determine the structural path using the
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data. This results in a semi PSEM.

These BNs can offer significant insight into the data, as the researcher can then

explore the data by instantiating on different nodes of the network (also called ‘what-if’

analysis). Because the direction of the inference is not an issue, various scenarios can be

simulated using the BN.

The augmentation of SEM with BN provides significant contributions to the field:

Firstly, structural learning can mine data for additional causal information which is

not necessarily clear when hypothesising causality from theory. This is particularly useful

when two opposing theories exist (for example, whether the brand or positive media

coverage is more effective in improving a company’s image) and the learned structure

can confirm one theory above the other.

Secondly, the inference ability of the BN provides not only insight as mentioned

before, but acts as an interactive tool as the ‘what-if’ analysis is dynamic. This has

been found to be a powerful knowledge transfer platform, specifically in participatory

research [8].

6.2 Future Work

Although using a tree structure can quickly find a network for the given variables, it

cannot assign more than one parent node for a child node. This implies that data-driven

methods such as MWST will not be able to suggest multiple causes for a single variable,

unlike theoretical models suggested by the researcher. Therefore a possible research topic

can be to find efficient algorithms which can offer network structures which are more

complex than tree structures, possibly cyclic [25]

Another way in which this work can be extended is to apply it in other research fields

as mentioned in section 2.2, such as finance, investment and economics. The theories

which have governed in these fields can, with the help of techniques covered here, be

confirmed or be given a new perspective [3].
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Appendix A

Maximum weight spanning tree

A.1 MWST example

Let us suppose there are 5 variables with which we want to create a MWST. The first

step we need to take is to calculate mutual information as given by equation 4.8 for all

possible pairs of variables.

Table A.1: Pairwise Mutual information, sorted descending

Var1,Var2 MI

B,C 0.83

A,B 0.71

A,C 0.63

C,E 0.58

B,E 0.22

A,E 0.19

C,D 0.15

A,D 0.13

B,D 0.11

D,E 0.08

Table A.1 shows a fictitious set of values for the mutual information of 5 variables,
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sorted descending according to their MI.

AC

D

B

E

(a) Starting the process of

MWST

AC

D

B

E

(b) First arc is added

AC

D

B

E

(c) Second arc is added

AC

D

B

E

Cycle Created!

(d) No arc should be drawn

from A to C since a path al-

ready exists

AC

D

B

E

(e) Third arc is added

AC

D

B

E

(f) Fourth arc is added

Figure A.1: Directed and undirected trees.

Initially we start off with a fully unconnected network as shown in figure A.1a. Next

we start connecting the pair of variables as we move down the rows of table A.1. The

highest value of MI is between variables B and C and so we draw an arc between those

two nodes, illustrated in figure A.1b. The next highest MI is present between A and B

so an arc is drawn to connect those two (figure A.1c).
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AC

D

B

E

Figure A.2: Final Tree

The next highest MI is between variables A and C but we should not connect those

two, as there is already a path between those two variables (throughB). Put differently,

drawing an arc between A and C creates a cycle with variables A,B and C as shown in

figure A.1d. Hence we do not change the network and proceed to the next highest MI.

The next arc added is between C and E. This means the next two paths (B,E & A,E)

will not be drawn (figure A.1e). Finally, an arc is drawn between C,D and this causes

all subsequent MIs to be forbidden (figure A.1f). The final tree is given by figure A.2.
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Appendix B

Facebook advertisement data

questionnaire

Table B.1: Questionnaire for Facebook advertisement

Q8Q1 Facebook is a trustworthy social network

Q8Q2 Facebook can be relied on to keep its promises

Q8Q3 Even if not mentioned, I would trust Facebook to do the job right

Q8Q4 I believe that Facebook would use my data only for purposes that I have approved

Q8Q5 I can count on Facebook to protect my privacy

Q8Q6 I can count on Facebook to protect my personal information from unauthorized use

Q9Q1 I consider advertising a good thing

Q9Q2 In general, I like advertising

Q9Q3 I consider advertising essential

Q9Q4 Having advertisements are important to me

Q9Q5 Advertisements in general are interesting to me

Q9Q6 I would describe my overall attitude towards advertising as favourable

Q11Q1 I consider ads on my Facebook page a good thing

Q11Q2 I like ads on my Facebook page

Q11Q3 I consider ads on my Facebook page essential

Q11Q4 Having ads on my Facebook page are important to me

Q11Q5 Ads on my Facebook page are interesting to me

Q11Q6 I would describe my overall attitude towards ads on my Facebook page as favourable
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Table B.2: Questionnaire continued

When I see an advertisement on my Facebook page, I generally

Q12Q2 click on the ad to find more information

Q12Q3 ‘like’ or ‘comment’ on the ad

Q12Q4 ‘share’ or ‘repost’ the ad to my friends

Q12Q11 become a fan of the company/brand

Q12Q12 visit the company/brands website

Q12Q13 purchase the advertised product/service

It is important to me that I can

Q14Q1 only receive ads on my Facebook page if I have previously provided permission

Q14Q2 control the permission to receive ads

Q14Q3 refuse to receive advertising on my Facebook page

Q14Q4 filter advertising on my Facebook page to match my needs

I find advertisements on my Facebook page

Q16Q1 distracting

Q16Q2 intruding on my privacy

Q16Q3 interfering

Q16Q4 invading my privacy

Q16Q5 deceptive

Q16Q6 confusing

Q16Q7 annoying

Q16Q8 irritating

Q16Q9 compromising my privacy

Facebook advertising is

Q17Q1 useful

Q17Q2 valuable

Q17Q3 important

Q20Q1 All things considered, the Internet causes serious privacy problems

Q20Q2 Compared to others, I am more sensitive about the way online companies handle

my personal information

Q20Q3 To me, it is very important to keep my privacy intact/unharmed from online com-

panies

Q20Q4 I believe other people are not concerned enough with online privacy issues

Q20Q5 Compared to other subjects on my mind, personal privacy is very important

Q20Q6 I am concerned about the threat to my personal privacy today



Appendix C

Facebook data SEM using AMOS

C.1 Summary

Figure C.1 shows how the SEM for the Facebook data was constructed in SPSS AMOS.

All path coefficients as well as error variance were significant. Figure C.2 shows the

diagram with estimated standardised path coefficients and squared multiple correlation

for endogenous variables.

The value of -.13 between Advertising intrusiveness and Attitudes towardsFB ad

indicates that there is an inverse relationship, albeit relatively weak, between the two

variables, where an increase of 1 standard deviation in Advertising intrusiveness will

lead to a decrease of 0.13 standard deviations in Attitudes towardsFB ad. A strong pos-

itive relationship exists between Attitudes towardsFB ad and Behaviour towards ad,

indicated the coefficient value of .79. The value of .63 for squared multiple correlation of

Behaviour towards ad shows that Attitudes towardsFB ad explains 63% of the variance

in Behaviour towards ad. Other values in the diagram can be interpreted in the same

way.

Furthermore, table C.1 shows values for the model goodness of fit. CFI is larger

than 0.9 while RMSEA is less than 0.055, which are both indicative of an adequate

overall model fit.
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Table C.1: Goodness-of-fit Facebook data SEM

Model fit index Index value

CFI 0.926

TLI 0.922

RMSEA 0.051

RMSEA upr90 0.054

RMSEA lwr90 0.049

Figure C.1: Theoretical SEM for Facebook data, as drawn in SPSS AMOS
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Figure C.2: Estimated coefficients for Facebook data SEM
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