Question D71: ‘When you get together with friends or relatives, would you say

you discuss frequently, occasionally, or never about...? European Politics’

) pprox F num Df den Df Pr (>F)
Country 3 3552 9 159 <

Residuals 53

Signif. codes: 0 ‘***" (Q.001 ***" (.01 '*" 0.05 *." 0.1 * " 1

Figure 5-10- MANOVA summary for Question D71

The above results suggest that there is a strong relationship between the
independent and dependent variables in the D71 data, although not as strong as the
previous QAS8 test. The P-value sufficiently surpasses the level of significance at 2.2e-
16, coupled with a strong Pillai measure of 1.3552 and an F-value of 14.557, this
question can comfortably be considered support the hypothesis that disinformation
targeted at a nation has an effect on its attitudes towards the EU as measured in the
Eurobaromter data. Interestingly this result has a higher F-value and Pillai score but a

lower P-value than the more robust data in QAS.

Unlike QABS, all three responses are seen to be robust in a summary ANOVA
test:

Response Frequently :

Df Sum Sq Mean Sq F value
Country 3 131 » 439419 227.32 <
Residuals 53 102452 1933

Signif. codes: 0 ***’ (0.001 ***r 0.01 **" 0.05

Response QOcc

Sum Sq Mean Sq F value Pr (>F)
Country 3 1460253 486751 86.587 < 2.2e-16
Residuals 53 297942 5622

Signif. codes: 0 “***' (0,001 ‘**" 0.01 **' 0.05

Response Never :

) q F value Pr (>F)
Country 3 y 2212776 40.711 8.697e-14 ***
Residuals 3 3

Signif. codes: 0 ***’ (0,001 ‘**’ Q.01 ‘** 0.05 '.” 0.1 * " 1

Figure 5-11- Summary of ANOVA for Question D71

All three responses surpass the level of significance, and all have strong Sum of

Square Mean values. The individual responses strongly suggest a link between
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disinformation and these responses to Eurobaromter questions however the overall

result is somewhat less clearly indicated than question QAS.

In conclusion this test presents strong support for the hypotheses and uncovers
a strong link between those nations that have been the target of disinformation and
their change in attitude towards the EU as measured in the Eurobaromter data. The
data is especially robust when viewed as individual questions in a summary ANOVA

test.

Question D73: ‘At the present time, would you say that, in general, things are

going in the right direction or in the wrong direction, in...? The EU’

Question D73 was seen to have marginally less robust data than question D71,
all the more so when measured against question QA8. When conducting the
MANOVA test the following results were obtained:

Df Pillai approx F num Df den Df Pr (>F)
Country 3 1.2405 7.6141 1z 152 1.1l7e=12 ===

Residuals 56

Signif. codes: 0 ***" (0.001 ‘**f 0.01 ‘*" 0.05 *." 0.1 * " 1

Figure 5-12- MANOVA Summary for Question D73

This question also returns significant results but as expected, the results are on
a less solid footing than the previous questions. The result demonstrates a significant
P-value at 1.117e-12, though a lower score than previous questions and a high Pillai
score, unexpected higher than previous questions however the F-value is quite low at
7.61. While this does not invalidate the result, it is of lesser significance than the
previous questions. Looking at the questions individually we find some unusual

results:
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] g in the right Direction :
Df 5Sum Sg Mean 5q F value Pr(>F)
Country 3 317121 105707 5.691 0.00179 **
Residuals 56 1040160 18574

Response Things ¥ oin

Signif. codes: 0 *&xxr ) 001 ***f£ .01 *** 0.05 *.7 0.1 * * 1]

) 5q F value
Country 3 80 67.914 <
Residuals 56 8

Signif. codes: 0 *&xxr ) 001 ***f£ .01 *** 0.05 *.7 0.1 * * 1]

Response Neither one or the other :

Df Sum Sqg Mean Sq F wvalue Pr (>F)
Country 3 717390 25797 1.848 0.149
Residuals 56 781721 13959

Response Don't know :

Df Sum Sqg Mean Sq F value Pr(>F)
Country 3 24073 8024.4 2.6548 0.05726 .
Residuals 56 169267 3022.6

Figure 5-13- summary ANOVA for 4 of the responses to question D71

Only 2 of the 4 responses in the above image are seen to be significant
findings. ‘Things are going in the right direction’ and ‘things are going in the wrong
direction’ are both seen to have significant results, the F-value for very low for right
direction. ‘Neither one or the other’ is seen not to support the hypotheses while ‘don’t
know’ is on the very edge of significance. These results based on the somewhat lesser
robust data present a confused picture overall. While the overall MANOVA test seems
strongly in support of the hypothesis, the individual questions are much less

supportive.
In conclusion, this question cannot be seen to be in strong support of the
hypotheses overall. While the results are varied and overall lend themselves to

significance, the individual results suggest a far from stable picture.

Question D78: ‘In general, does the EU conjure up for you a very positive, fairly

positive, neutral, fairly negative or very negative image?
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This data was noted as being the least robust overall when examined in Chapter
4. Testing this question was undertaken merely for completeness as the results were
expected to be very confused and of little value overall in answering the research
question. As discussed in Chapter 4, the much larger range of responses to this
question seems to have impacted the quality of the data overall for the purposed of this
study.

Df Pillai approx F num Df den Df Pr (>F)
Country 3 2.4431 23.885 27 147 < 2.2e-16 ***

Residuals 55

Signif. codes: 0 '‘***" (0.001 ‘*** 0.01 ‘** 0.05 '." 0.1 * " 1

Figure 5.14- MANOVA Summary for Question D78

The MANOVA test results are, as expected, not very clear. While the threshold
for significance is comfortable passed with a P-value of <2.2e-16, and a higher F-value
than all three other tests, the Pillai value invalidates the results. A value closer to 1 is
considered to be a sign of variances of the dependant variables but with a Pillai result

of 2.44, it must be concluded that this question does not support the hypotheses.

When looking at the summary ANOVA scores, it can be seen that each
response is considered significant and that they each have high Sum of Square Means
result. There is no clear reason to be able to reject this data overall apart from its less

robust structure overall:
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Response

Country
Residuals

0 Y *%r Q0.001 ***f 0.01 *f

Response Very Positive
Sum Sq Mean S5g F value
59093 19697

Country
i 46605 847.4

Residuals

0 Y#*&r (0,001 ‘#*" 0.01 *'

Response Fairly Positive :

f Sum Sg Mean 5g F value
597215 199072
1640 2

Country
Residuals

VEEES 0,001 YH*F Q.01 M

Country
Residuals

Response Fairly Negative :
f Sum Sq Mean Sg F value
Country 110797 63.517
Residuals
AR

0.001 Yxx*

ean Sq F value
74.9

Country
Residuals

0.01 *=*r

0.05 " 0.1 " 1

Pr (>F)
.246 7.544e-10 ***

0.05 *." 0.1 * " 1

Pr (>F)

0.05 *.* 0.1 " 1

Pr (>F)

< 2.2e-16 ***

0.05 *." 0.1

Pr (>F)
2a—16 ***x

0 MxExr o001 *xEE .01 *xf 0,05 . 0.1

Country
Residuals

0 Yx**r (_001 “**r Q.01 **" 0.05 '." 0.1

Response Total Positive :
Df Sum Sq Mean S5q F value
3 26146 47.973
4714

Country
Residuals

Figure 5-6- Summary of ANOVA for the next 4 of the 9 responses to Question D78

Pr (>F)
2.275e—15 ***

1

\

1

r

r

r

1

1

1
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Response Total Negative :

Df Sum Sqg Mean Sq F value Pr (>F)
Country 3 772275 257425 78.994 < 2.2e-16 ***
Residuals 55 179234 3259

Signif. codes: 0 ‘**** (0,001 ‘**" 0.01 *** 0.05 ‘.’ 0.1 ' " 1

1 observation deleted due to missingness

Figure 5-15- Summary of ANOVA for the last of the 9 responses to Question D78

The summary ANOVA results present a seemingly clear picture of strongly
significant results with high Sum of Square Means values and some of the highest F-
Values overall. It seems that the data is well-constructed, and no one result indicates

that the results can be rejected.

In conclusion, it seems that the question D78, while on less robust statistical
footing as explored in Chapter 4, does not support the hypothesis that nations targeted
by disinformation can have that change measured in their responses to Eurobaromter

surveys.

5.5. Machine Learning Results

As discussed in previous chapters, a k-NN approach would be used as a
complimentary approach in answering the research question. The approach would be
taken on a question-by-question basis. There were, however, some limitations to
adapting the currently constituted data, designed in the main to function as data for a
MANOVA test, to data used for Machine Learning. The main limitation would be the
small number of available data points in the data. Each available dataframe was an
amalgamation of each of four member state’s responses to one of four Eurobaromter
questions that related to the research question. This results question dataframes of, at
most, 60 rows divided equally by member states. While a wide range of data is
currently still available in the Eurobaromter data, only the four member states chosen
for this study have had their data comprehensively examined in order to confirm their
validity in answering the research question. This limitation will be discussed in more
detail in Chapter 6.
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The data had already been pre-processed and split into training and test data in

previous steps explored in Chapter 4. This was the structure of the data:

TOTAL

1.5433230
1.5174843
1.7069680
1.5906939
1.3495329
1.3925974
1.4830327
1.6337584
1.4615005
1.7586454
0.4753241
0.6734207
0.6346627
0.5959046
0.6088240
-0.7778520
-0.7046424
-0.7993843
-0.7563198
-0.4720943

Figure 5-16- Example training data after pre-processing and a training and test split.

Tend to
Trust
0.62525519
-0.54994394
-0.4812188!
1.46370136
1.56678900
1.77296429
1.58053402
1.65613162
1.4568288!
1.69049417
-1.01727459
-0.79048178
-0.71488417
-0.95542201
-0.79735429
-1.38839011
-1.51896779
-1.57394786
-1.06538216
-0.63241406

-
=

Trust %

-0.439432203
-1.414307006
-1.414307006
0.269567654
0.446817618
0.624067582
0446817618
0358192636
0.269567654
0.358192636
-1.325682024
-1.237057042
-1.148432060
-1.325682024
-1.237057042
-1.148432060
-1.325682024
-1.325682024
-0.705307149
-0.439432203

Tend
not to
Trust

1.03038513
2.23847547
2.17048770
0.61199887
0.46556367
0.17269329
0.65383749
0.75320423
0.67475681
0.76889372
0.94670788
1.34417483
1.09837290
1.28141689
1.17159050
-0.02081036
0.20930209
0.12562483
0.56493041
0.59630938

* Not

Trust
%

.3213821
1.7497468
14640738

-0.2499638
-0.2499638
-0.6308611
-0.1547395
-0.0595152
-0.0595152
-0.1547395
0.9879523
1.3688495
1.0831766
1.3688495
1.1784009
0.7975036
1.0831766
1.0831766
1.8449711
1.5592981

Not
Sure
1.28395054
0.08169193
0.95101739
0.72906195
-0.0662783
0.58109166
-0.19575236
-0.10327093
-0.010783950
0.28515108
1.43192083
0.26665479
0.76605452
0.59958795
0.59958795
0.47011394
0.32214365
-2.37831414
-2.43380300

DK

031711680
-0.48402037
0.11683250
-0.08345179
-0.48402037
-0.08345179
-0.68430467
-0.68430467
-0.48402037
-0.48402037
0.91796968
-0.08345179
031711680
0.11683250
031711680
0.91796968
0.71768538
0.71768538
-2.28657901
-2.28657901

Country

Germany
Germany
Germany
Germany
Germany
Germany
Germany

Germany

Germany

Germany
UK
UK
UK
UK

UK

The above data is the training data for QA8 after pre-processing and the

training and test split at 80/20. This left a dataframe of 40 rows and 8 columns. The

test data was similarly constructed and resulted in a dataset of 8 rows and 8 columns.

TOTAL

14442747
1.2547910
0.5097757
04537919
-0.8166100
-0.7864649

-0.7347875

-0.8079972

1.3674862
-1.4914778

0.4534425
-0.1925734

0.4465699
-0.22i

-0.1582109

-0.61668217
0.35819264
-1.85743192
0.09231769
0.44681762
1.24444246
0.26956765
0.446817/62

Tend
not to
Trust

14226223
0.3975759
1.5219890
0.8839499
-0.6327003
-1.1870621
-0.6536196

-0.8889619

0.7975036
-0.2499638
1.7497468
0.9879523
-0.2499638
-1.2974313
-0.3451881
-0.7260854

Sure

0.3036474
0.3036474
0.8215434
-2.4153067
-0.7321447
-0.3807152
-0.2327449
0.1001882

-0.28373608
-0.28373608
0.51740109
-2.28657901
-0.48402037
-0.08345179
0.11683250
0.51740109

Country

Germany
Germany

UK

Figure 5-17 - Example test data after pre-processing and a training and test split.
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Other dataframes were of similar length and construction apart from D78,
which was noticeably wider due to the higher number of possible responses. The
dataframes used were limited in scope due to the small size of the original dataframes

and this was evident in the eventual results.

Question QAS: ‘I would like to ask you a question about how much trust
you have in certain media and institutions. For each of the following media and

institutions, please tell me if you tend to trust it or tend not to trust it. The EU’

After collecting, pre-processing and splitting the data as discussed in chapter 4,

we were ready to conduct our test:

knn _model 1 train (Country ~., a train_data, trControl=trainControl (method
metric="Acc y", method="knn"

knn model 1
plot (knn model 1

k-Nearest Neighbors

0 samples

d (5 fold)
., 32, 32, 32, 32
Resamplin tuning parameters:

« Accuracy Kappa
0.90
0.85 0.8000000
0.85 0.8000000

Accuracy was used to select the optimal model using the largest wvalue.
The final value used for the model was k = 5.

Figure 5.20- k-NN Results for Question QA8

The 40 samples and 8 predictors match our row and column numbers and the
four factor levels as used in the MANOVA test are consistent. Pre-processing did
occur previous to this step as explained in Chapter 4, there was no pre-processing
included when the above command was run.

Cross-validation has been included with five attempts included to increase the
robustness of the results overall. The summary of sample sizes confirms that 32
examples were used in each subsequent test. The test finds that k=5 has the highest
accuracy at 0.86 compared to 0.8 for larger k values.
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test data test_data|complete.cases (test_data

test_data’Country as.factor (test_data’Country
predict_knn 1 predict (knn_model_1, test_data
confusionMatrix (predict_knn_1, test_data:Country, positive "Germany"

Figure 5.21- Code block run to conduct the test

Due to some missing values found in the data when attempting to conduct this
test with other questions, a step was added to forceable remove all missing values, a
second step was included to confirm that ‘Country’ was correctly set as a factor.
Finally, the test was applied to the test data and a Confusion Matrix was produced. The
above steps are repeated for all other questions, following the above example, only
results will be presented here.

Confusion Matrix and Statis

Reference
Prediction Germany IE PL UK
Germany 2 0 0 1
IE 0 0 0
PL ( 2 0
UK ( 0 1

Overall Statistics
: 0.875
9 (0.4735, 0.9968)
No Information Rate : 0.25
P-Value [Acc > NIR] : 0.0003815
Kappa : 0.8333

Mcnemar's Test P-Value : NA

Statistics by Class:

Germany Class: 5 : UK

1.0000 2 2 .5000

0.8333 o o .0000

Pred Value 0.6667 . . .0000

Neg Pred Value 1.0000 . . .8571
Prevalence 0.2500 . . . 2500
Detection Rate 0.2500 2 2 .1250
Detection Prevalence 0.3750 .25 .25 .1250
Balanced Accuracy 0.9167 . . .1500

Figure 5.22 - k-NN prediction results for Question QA8

This data results in an overall accuracy of 0.87 with confidence interval values
of 0.47 and 0.99. The P-value is comfortably significant and a high Kapp value suggest
good predicative capability. However, the results per class are suspicious, the

cleanliness of the results overall with a wide spread of 1.0 values suggests that this
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data may not be of sound statistical merit. This is a function of the limitations of the
data as currently constituted, and of the test design in this iteration.

Question D71: ‘When you get together with friends or relatives, would you say

you discuss frequently, occasionally, or never about...? European Politics’

Question D71 has the same pre-processing and split decisions applied to it as

QAB8 but there are some differences in the k values:

samples
predictors
classes: 'Germany', 'IE', 'PL', 'UK'

pre-proce 0
Resampling Validated (5 fold)

Summary of sample s : 38, 38, 3e, 39, 37
Resampling results ac 5 tuning parameters:

Accuracy Kappa

0.8991919 0.8674427
0.8628283 0.8171307
0.8428283 0.7904275

Accuracy was used to select the optimal model using the largest value.
The final walue used for the model was k = 5.

Figure 5.23 - k-NN results for Question Q71

Of note is the higher number of sample sizes, as well as the perhaps more
realistic accuracy statistics that result from the test. There are more predicative
columns in this data which may explain the more robust results. Similar to QAS8, a k-

value of 5 is determined to be the most accurate.
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Confusion Matrix and Statistics

Reference
Prediction Germany IE PL UK
Germany
IE
PL
UK

Overall Statistic
0.8889
T @ (0.5175, 0.9972)
te : 0.3333
P—Value [Acc > NIR] : 0.0009653

Kappa : 0.85

est P-Value : NA

] Germany Class: IE Cla PL C1 UK
Sensitivity 1.0000 .0000 .0000 5000
Specificity 1.0000 .8571 .0000 .0000

Pred Value 1.0000 .6667 .0000 .0000

g Pred Value 1.0000 .0000 .0000 0.8750
Prevalence 0.3333 2222 0.2222 0.2222
Detection Rate 0.3333 2222 0.2222 0.1111
Detection Prevalence 0.3333 .3333 L2222 L1111
Balanced Accuracy 1.0000 .9286 .0000 0.7500

Figure 5.24 - k-NN prediction results for Question D71

The results are similar overall to QA8 with an accuracy of 0.88 and a
significant p-value with a high Kappa score. However, once again the results for
statistics by class call the results into question overall. This test does not seem robust
and is similarly hampered by the current structure of the data and the Machine

Learning design.

Question D73: ‘At the present time, would you say that, in general, things are

going in the right direction or in the wrong direction, in...? The EU’

Question D73 has the same pre-processing and split decisions applied to it as

previous questions but there are some differences in the k values:
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'Germany', 'IE', 'PL', 'UK'

No pre-processing

Resampling: Cross-Validated (5 fold)

Summary of sample sizes: 39, 38, 39, 39, 37
Resampling results across tuning parameters:

k Accuracy Kappa
0.5760440
0.7 0.6251086
0.6454545 0.5250101

Accuracy was used to select the optimal model using the larg
The final walue used for the model was k = 7.

Figure 5.25-k-NN prediction results for Question D73

The accuracy and Kappa overall declines with this test. Alternate sample sizes
can also be seen in the Cross-validation steps. The eventual model is set as k = 7 with

an accuracy of 0.72.

Refer
Prediction Germ
Germany 3 0
IE 1
PL 1
UK

Overall Statistics
0.8182
(0. 4¢ , 0.97172)
No Information Rate 0.2727
P-Value [Acc > NIR] 0.0002617
Kappa 0.7528

Mcnemar's Test P-Value NA

Statistics by Class:

w

Class: Germany Class: IE Clas Class: UK
Sensitivity 1.0000 0.50000 666 1.0000
Specificity 1.0000 1.00000 3 (
Pos Pred Value 1.0000 1.00000 66 0.7500
Neg Pred Value 1.0000 0.90000 3 1.0000
Prevalence 0.2727 0.1 2 2 0.2727
Detection Rate 0.2727 0.09091 } 0.2727
Detection Prevalence 0.2727 0.09091 €
Balanced Accuracy 1.0000 0.75000

Figure 5.26- k-NN prediction results for Question D73
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As with other tests, the overall results seem robust in that an accuracy of 0.81
with a significant p-value and a high Kappa are found. However, looking at the
statistic by Class we again see that there are some unexpected results. The one for one
sensitivity and specificity is in itself essentially an invalidation of the results but to
have it sprinkled throughout the results quite so liberally future suggests that this data
and the k-NN design are not suitable for this research question.

Question D78: ‘In general, does the EU conjure up for you a very positive,

fairly positive, neutral, fairly negative or very negative image?

Question D78 has, as discussed in Chapter 4, less robust data overall than the
other questions that were utilised in attempting to answer the research question. As
explained previously, the larger number of possible replies to the question is assumed
to have caused problems with the statistics overall. The same was predicted to be the
case when it k-NN test. Question D78 has the same pre-processing and split decisions

applied to it as previous questions but there are some differences in the k values:

: 'Germany', 'IE', 'PL', 'UK'

pre-processing
Resampling: Cross-Validated (5 fold)
Summary of sample sizes: 29, 28, 27, 26, 26
Resampling results across tuning parameters:

Accuracy Kappa

0.975 0.9652174
0.975 0.9652174
0.975 0.9652174

Accuracy was used to select the optimal model using the largest value.
The final wvalue used for the model was k = 9.

Figure 5.27- k-NN prediction results for Question D78

This question, with the least robust data overall. A k-value of 9 was found to
have a prediction value of 0.97, however given the robustness challenges of this

question, the outcome must be discarded.
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5.6. Key Reflections

The MANOVA testing provided robust support overall for the research
questions and can comfortably be said to be in support of the hypothesis that EU
member states that have been the target of disinformation can be seen to have their
attitudes change as measured in the Eurobaromter survey data between the years 2015
and 2022. With a few exceptions in the case of a minimum of the response variables
per question, the bulk of the data tested was found to be in support of the hypothesis.

Additionally, the Machine Learning approach was found to be restricted in its
applicability due to the nature of the datasets available rather than the unsuitability of
Machine Learning as an effective tool to answer or illustrate the research question. As
it stands, the results cannot be said to have significant validity to this study in their
current inception.
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6. CONCLUSIONS AND FUTURE WORK

6.1. Introduction

The goal of this research was to explore whether or not it would be possible to
find any statistically significant relationships between nations that have been the target
of disinformation and their change in attitude towards the EU, therefore, in this chapter
the implications of that research will be explored, as well as the conclusions that can
be reached based on the current experiment design. Additionally, any limitations of the
study design will be explored and considered, and finally, any further potential
experiments based on the data already available will also be explained as well as any
changes that would have been made in hindsight given the results following the end of

the project.

6.2. Problem Definition

The formulation of this project began with the discovery of the
EUvsDisinformation database in early 2022. A deeper dive into the academic work in
the area of disinformation and propaganda followed. In that background research it
was found that the majority of the work in this area is based on the freely available (at
the time of writing) Twitter API®*. The largest part of the academic work was devoted
more to the application of complex mathematical approaches to probabilistic models of
identifying disinformation in tweets in real time. While the background reading was
taking place, the January 6™ coup attempt took place in the United States which led to
the inception of the research question. Rather than focusing on the tweets or other
social media that was being spread leading to events such as January 6", could the
effects of these disinformation and propaganda campaigns be seen in the attitudes of

the public being targeted by these campaigns?

Overall, the research question has been robustly tested utilising the data in this
study. The conclusions based on the exploration of the data, the statistical analysis of
the data in preparation for testing, the testing itself and the Machine Learning

34 https://developer.twitter.com/en/docs/twitter-api
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approaches attempted; suggest that this data does support the research hypothesis that
there is a relationship between the nations targeted with disinformation and those
whose attitudes changed regarding the EU. It is worth noting that there a minority of
the utilised questions were not in support of the hypothesis, particularly question D78.
However, as discussed in Chapters 3 and 4, that data was not particularly robust, and
this may have been potentially due to the higher number of available responses to the

survey question.

The Machine learning approaches did not offer significant additional
information and a searching processing for additional datasets, as well as much greater
focus on wrangling the data and overall study design would be needed to be able to
ensure the validity of the Machine Learning results with the current data. While the
preliminary results of those tests that seemed to be designed well enough to have any
validity do seem to support the hypothesis, the results were of low quality, and,

therefore, cannot be considered of an equal footing as the rest of the work.

It seems reasonable at the conclusion of this work to reject the null hypothesis
given the overlapping and consistent results seen in Chapter 5 when examining the
four MANOVA and individual ANOVA results that were explored. There is solid
evidence that there is a correlation between a member state’s exposure to
disinformation and that member state’s change in attitudes towards the EU and its’
institutions as measured in the Eurobaromter survey between the years of 2015 and
2022.

6.3. Limitations

Apart from the limitations of the Machine Learning approach as explained in
Chapter 5, there are some limitations of the current study design. Firstly, the selection
of the specific questions, while not random, was an influencing factor on the results of
the study. Given that one of the questions was on a lower statistical footing when
examined in detail, it is possible that a different selection of questions would have
generated different results. While data for Ireland was included as a control group, this

was not as robust as selecting an equal number of member states as had been targeted
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according to the EUvsDisinformation datasets. Had there been a 50-50 split between
targeted and non-targeted nations, the results could have been altered significantly.

Secondly, there were several significant and unprecedented global events
during the study period that could not be controlled for. While disinformation was
undoubtedly an aspect of the social media environment during that period, the effects
of the Brexit referendum, of COVID-19 as well as, to a lesser extent, the Trump
Presidency, and the end of the Merkel era in Germany, could not be controlled for in
this study. Their effects upon national attitudes towards the EU remain unknowable in
this data given the current design.

Finally, the scale of the data proved massive. Given more time, or a team of
researchers, the complexities and intricacies of the data contained in seven years of
Eurobaromter data might be explored in greater detail. As it was, only the three most
targeted countries and only the four most significant questions could be used to
attempt to illuminate the research question.

6.4 Design Choices

The inclusion of two datasets regarding disinformation was likely unnecessary.
The EUvsDisinformation website provides much broader data than is initially visible
on the public facing website. Had this data been scraped and wrangled, cleaned and
explored, it would have perhaps provided data in much greater detail than was made
available by trying to combine the two datasets together. Given that the Kaggle dataset
was date limited, its inclusion proved to be costly in terms of time although it was
arguably a somewhat independent confirmation of the data as found in the scraped
data.

The Eurobaromter data proved extremely ungainly, and the initial research
approach was concluded to simply be impossible given the time available. As explored
in Chapter 4, the selection of the original questions as well as the cross tabulation of
those question across all Eurobaromter years followed by the loading, wrangling and
cleaning of the four questions that were used of the original 44 that had been selected,;
consumed the bulk of the time spent on this study by far. A more conservative
selection of questions to focus only on those that directly had an influence on the
research question would potentially have allowed a much greater examination of the

selected questions in depth.
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Questions such as QA2a.7 (‘What are your expectations for the next twelve
months: will the next twelve months be better, worse or the same, when it comes to...?
The European Economy’.) had previously been selected, loaded into R, cleaned and
prepared for further study only to then be rejected as the size of the data proved too
great for the time available. Ultimately, those questions remain viable for future work
based on this data, but they proved a significant time sink when measured in terms of
their application to the research question.

There were two rejected approaches to the Eurobaromter data that could have
proven fruitful. Firstly, the inclusion of an EU average based on the ‘UE28 EU2S8’
values on each Eurobaromter question would have illuminated larger scale trends and
would have increased the robustness of the study overall. Secondly, an amalgamation
of several nations with similar levels of disinformation into groups of three or four
member states could have provided further insights into the implications of the data
overall. Ultimately it was decided to use a single nation (Ireland) as the control group
based purely on its not having been directly targeted with disinformation according to
the EUvsDisinformation data, though many different member states fall into that
category and a different selection could have drastically changed the results.
Conversely, the choice of a member state that is not as familiar to the author may have
meant that significant events that may have affected the data may not have been know
about. In 2017 for example there was an election in France, it would be interesting to
see if this affected French attitudes towards the EU.

6.5 Future Work

The potential future work and possible applications of this data is extensive.
The collection of Eurobaromter questions available is extremely broad and far reaching
compared to the four questions that were utilised for this study. A wealth of data
remains untouched and unexplored. Future work could easily include further questions
in order to explore in greater detail the effects of disinformation upon member states’
attitudes.

Apart from the sheer number of available questions, a more comprehensive
amalgamation of member states into clusters could be extremely interesting. There are

any number of approaches that this data is currently capable of facilitating. For
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example, do geographic regions have similar changes over time? Does disinformation
targeting nations with similar linguistic structure such as Nordic languages or Latin
languages tend to have similar changes in their attitudes? Do nations of similar GDP or

population size have similar changes in their attitudes?

Additionally, the EUvsDisinformation data is currently ideally suited to
examine whether there a noticeable and meaningful increase in disinformation targeted
at an EU Member State before sensitive referenda, and a similar decline in

disinformation efforts following the referenda as seen by Howard and Kollanyi (2016).

This is also a potentially useful Machine Learning approach. Can clusters of
nations be effectively and accurately identified using this data and do those clusters
attitude’s change with one another over time? Additionally. comparing Supervised and

Unsupervised Learning approaches may prove interesting in exploring the data.

6.6. The Necessity of this Work

Although must academic research has been focused on the identification and
classification of tweets, very little work has tended to have focused on the Macro scale
implications of disinformation and propaganda. This needs to change, while
identification of disinformation is undoubtedly essential, a greater understanding of the
effects of these efforts would significantly assist efforts to mitigate their effects. The
identification of disinformation is not the overarching issue in terms of its detrimental
effects, rather it is the insidious injection of doubt into the national and international
discourse that is the most dangerous aspect. Those who stormed the Capitol building or
who refused to wear a mask or feels themselves to be a sovereign citizen to whom the
law does not apply, will not be swayed by having their tweets flagged as potentially
harmful. But a deeper understanding of how disinformation and propaganda effects
national discourse will go a long way to help fight against the effects of such
campaigns. There was once a time where the most disingenuous ideas available only
reached as far as the strength of a single person’s voice, but those messages have been
adapted, packaged and constitute a targeted attack upon the world of western
democracies. Bad ideas do not wither and die in a social media eco-system designed to

maximise user engagement in order to extend their exposure to advertising. Rather that
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creates a witch’s brew wherein those nations that seek to disrupt our way of life can
easily disrupt the fragile health of our democracies.

It is hoped that this work in some way helps illustrate how effective these
efforts can be. It behoves us all to be careful of what we consume and share. We are
the vector for this intellectual disease.

Thank you for your time.
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