import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
from IPython.display import Image

users=pd.read_excel('overview_stages_and_users.xlsx"')

df=pd.read_excel('DATASET 1.xlsx")
del df['Unnamed: 0']

Introduction

The examinated dataset was created in 2020, for the exact dates see the dataframe below.

df.groupby('stage').savingTime.min().to_frame().join(df.groupby('stage').savingTime.max().to_frame(), lsuffix='stage').rename(co.

start stop

stage
1 2020-02-13T10:56:34.059Z 2020-03-27T11:06:58.310Z
2 2020-02-13T11:07:54.149Z 2020-03-27T10:24:26.975Z

3 2020-02-13T12:59:21.586Z 2020-03-27T11:41:27.604Z

Stages and user variables in experiment

users.columns

Index(['stage', 'user_name', ‘browser', 'real_location', 'IP_location’,
'full video_watch', 'history'],
dtype="object")

users
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stage user_name

first

first

first

first

first

first

first

first

first

first

first

second

second

second

second

second

second

third

third

third

third

third

third

User 1

User 2

User 3

User 4

User 5

User 6

User 7

User 8

User 9

User 10

User 11

User 12

User 13

User 6

User 14

User 15

User 7

User 12

User 7

User 13

User 6

User 14

User 15

browser
Brave
Brave
Brave
Brave
Chrome
Brave
Chrome
Brave
Chrome
Brave
Chrome
Chrome
Brave
Brave
Modzilla
MS Edge
Chrome
Chrome
Chrome
Brave
Brave
Modzilla

MS Edge

real_location
Russia
Belgum
Italy
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany
Germany

Germany

IP_location
USA

USA

USA

USA
Switzerland
USA
France
USA
Germany
USA
France
no VPN
USA

USA

USA

USA

no VPN
no VPN
no VPN
USA

USA

USA

USA

full_video_watch
full video watch
full video watch
full video watch
full video watch
full video watch
full video watch
full video watch
full video watch
full video watch
full video watch
full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch
no full video watch

no full video watch

history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history
zero history

zero history



1. number of users at different stages

users.groupby('stage').user_name.nunique().to_frame()

user_name
stage
first 11
second 6
third 6

2. used browser

users.groupby('stage').browser.value_counts().to_frame()

browser

stage browser
first Brave 7
Chrome 4
second Brave 2
Chrome 2
MS Edge 1
Modzilla 1
third Brave 2
Chrome 2
MS Edge 1
Modzilla 1

3. Use of VPN and changing of IP



users.groupby(['stage', 'real location']).IP_location.value_counts().to_frame()

IP_location

stage real_location IP_location
first Belgum USA 1
Germany USA 4
France 2
Germany 1
Switzerland 1
Italy USA 1
Russia USA 1
second Germany USA 4
no VPN 2
third Germany USA 4
no VPN 2

4. watched video in full lenght or not

users.groupby('stage').full video_watch.value_counts().to_frame()

full_video_watch

stage full video watch
first full video watch 11
second no full video watch 6

third no full video watch 6



Characteristics of the first dataset

df.shape
(2971, 26)
df [:2]
take recommendedVideold savingTime id watcher recommendedVerified recommendationOrder watchedld watchedAt
2020-02- . Bcene
0 1 0sZRR3cEGbs 14T13:21-55 5887 7c090fc9afa462983f19 User 1 True 16 JRHMJZpLNM Vier
2020-02- . Bcene
1 1 8fVoQlYyVug 14T13:21:55. 5887 7c090fc9afa462983f19 User 1 True 8 JRHMJZpLNM Vet
2 rows x 26 columns
4

Inspect data gaps

Due to technical problem with browser extension Tracking Exposed for YT data of some users are not complete for every take.

df.groupby ([ 'stage', 'take']).watcher.nunique().to_frame()



watcher

stage take
1 1 10
2 1 1
12 1
13 11
14 1
15 7
16 1
17 1
3 21 5
22 11
23 11
24 11
25 11
26 10
27 7

Data from users are missing in 1, 15, 21, 27. How many recommendations are not collected?

df.groupby([‘'stage’, 'take']).size().to_frame().rename(columns={@: 'num_obs'})



num_obs

stage take
1 1 200
2 11 220
12 220
13 218
14 217
15 139
16 220
17 219
3 21 100
22 219
23 219
24 220
25 220
26 200
27 140

Takes 15, 21 and 27 miss 30%-50% of recommended. To make comparisons between different stages, | can use relation to the number of

observations.

Sort dataset after stages and takes (watched videos) and inspect number of
unique recoomendations received after each take.

Below, you see the list of videos watched at each take in order of the experiment. Do recommendations users received after watching these
videos contain clusters? Presence of a cluster might be indicated by more repetitive recommendations, when unique video is recommended more
that one time.



unique=df.groupby('stage').recommendedVideoId.nunique().to_frame().join(df['stage'].value_counts()).rename(columns={"'recommended
unique[ 'in percent']=unique[ 'unique videos']/unique[ 'num_obs']*100
unique

unique videos num_obs in percent

stage
1 79 200 39.500000
2 477 1453 32.828630
3 510 1318 38.694992

On the second stage, after watching pro-annexation videos, users became more repetitive recommendations (the percentage of unique to the
number of observations is lower by 7%). To get a more differentiated view, | look at the number of unique videos across takes and also later in
relation to the order of recommended (within the top three and first recommended).

takes=df.groupby(['stage', 'take', 'watchedId', ‘watchedTitle', 'watchedAuthor']).recommendedVideoId.nunique().to_frame().join(:
takes['unique in percent to observations']=takes['unique']/takes['num_obs"']*100

takes



stage take watchedld
1 1 iJRHMJZpLNM

2 11 V7VXMU6QStc

12 hR flixeijY

13 oFegVdVIxRo

14 QMAVnAvWv2k

15 89VrhvBEzUY
16 TJurAAfOXsc
17 i2pN8F4x0Gk

3 21 d2118CxDKWI
22 DcOt7pn6vxo
23 TLZXrZxyZms
24  eXSnvNxAy4A

25 _XRS5HKsAgM

26 AmGL8Cwprx8

27  SEcQK1_Fdyc

takes=takes.reset_index()

watchedTitle

YEWN KPbIM?

Kpbim Haw? Ye#t >xe Kpbim Ha camom pene? O6beKTUBHO.
Bexxnueblie nrogu B Kpbimy!

KpbiMm - He Haw, ¥ pycckux Hapo yéusath 7 : o popmyne
nnbepanos, 3a KOTOPYIO Hac NocaaAT. A ux - Het

MyTtunH: Mocne Tkénoro naasaHua Kpbim n CeBacrononb
BO3BpaLlLaloTCA B POAHYHO raBaHb

Mytnn B CeBacTtonone 40 Tbicay Ha naowaam - Kpbim Haw!
Kpbim.Haw.Poccnsa.Ucropus cobbituid.NMpucoeanHeHme.
Yeii Kpbim? Kpbim Haw!!

u PYCCKUW # KPbIM - MU® pnsa 6b1ana! (0 uem monuat
poccuiickue CMW)

Kpbim no>kanen o npuxoae pycckoro mvpa

KPbIM HALL? Poccus HE MPU3HAET Kpbim yacTbio cBoei
TeppuTOpUN..

PeanbHas >xypHanuctuka. KPbIM Hax..? boabwe He HALL?
Mouemy Kpbim He Poccua?
Kak Poccua okkynuposana Kpbim. XpoHosnorus

PXXA: KPbIM HE HALU! MEHbLUE NMAPKOB, BOJIbLUE
«CKBEPHbIX» XPAMOB!

watchedAuthor
BcenenHasa Ncropun
Monutuka CerogHsa
eleven79

Delyagin TV

RT Ha pycckom

Dimitro Sevastopol
Denis.G.Film
Anna News

hrendyabliki

HoBoctu
CBEPXAEP>XABbI

PeanbHan XXYpPHaIUCTUKa

Real Russian News //
PeanbHas >XypHanucTmka

JloXkb nyTUHCKOrO
pexxnma

Kpbim. Peanun

KINPUK
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39.500000
40.454545

42.727273
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ax=takes[['take', 'unique in percent to observations']].set_index('take').plot(figsize=[10,5])
ax.axvline(10, color="red", linestyle="--"

ax.axvline(20, color="red", linestyle="--"

plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at ©x18cf21lc5cdo>
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Drops in the middle of the plot indicate the presence of clusters (more repetitions among recommended, less unique videos).

Inspect the number of unique recommendations in stages and takes.

| will examine these numbers across the whole dataset, within the top three recommended and within the first recommended.

unique_across_takes=df.groupby( 'take').size().to_frame().rename(columns={0: 'obs_total'}).join(
df.loc[df[ 'recommendationOrder']<=3].groupby('take"').recommendedVideold.size().to_frame().rename(columns={'recommendedVideol:
df.loc[df['recommendationOrder']<=1].groupby('take"').recommendedvVideold.size().to_frame().rename(columns={"'recommendedVideol:
df.groupby('take"').recommendedVideoId.nunique().to_frame().rename(columns={'recommendedVideoId': 'total unique'})).join(
df.loc[df['recommendationOrder']<=3].groupby('take").recommendedVideoId.nunique().to_frame().rename(columns={"'recommendedVids
df.loc[df['recommendationOrder']<=1].groupby('take").recommendedVideoId.nunique().to_frame().rename(columns={"'recommendedVid
unique_across_takes['total_unique_in_percent']=unique_across_takes['total _unique']/unique_across_takes[ 'obs_total']*100



unique_across_takes[ 'top_three_unique_in_percent']=unique_across_takes[ 'top_three_unique']/unique_across_takes['obs_top_three']*:
unique_across_takes['first_unique_in_percent']=unique_across_takes['first_unique']/unique_across_takes['obs_first']*100

unique_across_takes

obs_total obs_top_three obs_first total_unique top_three_unique first_unique total_unique_in_percent top_three_unique_in_percent first_unique_

take

1 200 30 10 79 14 3 39.500000 46.666667
11 220 33 11 89 18 4 40.454545 54.545455
12 220 33 11 94 18 5 42727273 54.545455
13 218 32 11 130 20 8 59.633028 62.500000
14 217 33 11 121 17 4 55.760369 51.515152
15 139 21 7 66 13 4 47.482014 61.904762
16 220 33 11 62 13 3 28.181818 39.393939
17 219 33 11 104 23 7 47.488584 69.696970
21 100 15 5 68 12 5 68.000000 80.000000
22 219 33 11 119 24 11 54.337900 72727273
23 219 33 11 143 24 8 65.296804 72727273
24 220 33 11 156 26 10 70.909091 78.787879
25 220 33 11 129 23 8 58.636364 69.696970
26 200 30 10 100 26 9 50.000000 86.666667
27 140 21 7 95 16 3 67.857143 76.190476

ax=unique_across_takes[['total_unique_in_percent’,

"top_three_unique_in_percent', 'first_unique_in_percent']].plot(figsize=[10,5])
ax.axvline(10, color="red", linestyle="--")
ax.axvline(20, color="red", linestyle="--")



ax.axvline(13, color="blue", linestyle="--")
plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at ©x18cf20f2f10>
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As the plot demostrates, variability of recommendations in the top is bigger on the third stage, when users watched contra-annexation videos.
Overall, at the second stage the variability in recommendations is lower that on the third with recommendations being more repetitive in the top
except of the video 13.

Does this cluster appear because the authors of watched are recommended again on the list of recommended?

Same Author as Watched
selection=df.loc[df[ "watchedAuthor' ]==df[ 'recommendedAuthor']]

len(selection)

360

unique_across_takes=unique_across_takes.join(



unique_across_

selection

.groupby('take').size().to_frame().rename(columns={0: 'au_obs_total'}).join(
selection.
selection.
selection.
selection.
selection.

loc[selection[ 'recommendationOrder']<=3].groupby('take"').recommendedVideold.size().to_frame().rename(columns={"rec:
loc[selection['recommendationOrder' J<=1].groupby('take"').recommendedVideoId.size().to_frame().rename(columns={"rec:
groupby ('take"').recommendedVideold.size().to_frame().rename(columns={'recommendedVideoId': 'au_total size'})).join
loc[df[ 'recommendationOrder']<=3].groupby('take"').recommendedVideoId.size().to_frame().rename(columns={"'recommende
loc[df[ 'recommendationOrder']<=1].groupby('take"').recommendedvVideoId.size().to_frame().rename(columns={"'recommende

takes=unique_across_takes.fillna(9)

unique_across_takes

take

11

12

13

14

15

16

17

21

22

23

24

25

26

27

obs_total

200
220
220
218
217
139
220
219
100
219
219
220
220
200

140

obs_top_three obs_first total_unique top_three_unique first_unique total_unique_in_percent top_three_unique_in_percent first_unique_

30 10 79 14 3 39.500000 46.666667
33 11 89 18 4 40.454545 54.545455
33 11 94 18 5 42.727273 54.545455
32 11 130 20 8 59.633028 62.500000
33 11 121 17 4 55.760369 51.515152
21 7 66 13 4 47.482014 61.904762
33 11 62 13 3 28.181818 39.393939
33 11 104 23 7 47.488584 69.696970
15 5 68 12 5 68.000000 80.000000
33 11 119 24 11 54.337900 72727273
33 11 143 24 8 65.296804 72.727273
33 11 156 26 10 70.909091 78.787879
33 11 129 23 8 58.636364 69.696970
30 10 100 26 9 50.000000 86.666667
21 7 95 16 3 67.857143 76.190476



ax=unique_across_takes[['obs total’,
'au_obs_total', 'au_obs_top_three’,
ax.axvline(10, color="red", linestyle="--")
ax.axvline(20, color="red", linestyle="--")
plt.legend(bbox_to_anchor=(1.05, 1))

'au_obs_first']].plot(figsize=[10,5])

<matplotlib.legend.Legend at ©x18cf2132490>
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A very small amount of video by same author as watched is in recommended. Most likely these videos will appear below top three of

recomended. As the formation of recommendations happens simultaneously to the start of video watch, the factor of channel watched may

impact not the current, but the next list of recommended. Therefore the idea would be to show if there is such a dependence in the list of
recommendations on precedent video viewing.

Same author as precedent

watched=pd.DataFrame(df.watchedAuthor.unique())[1:].reset_index().join(pd.DataFrame(df.watchedAuthor.unique()), lsuffix='index')
del watched['index"]

df=df.set_index('watchedAuthor"').join(watched, lsuffix='watchedAuthor")



df=df.reset_index()

df



2966

2967

2968

2969

2970

watchedAuthor

Anna News

Anna News

Anna News

Anna News

Anna News

PeanbHas
KypHanucTmka

PeanbHas
>KypHanncTuka

PeanbHas
>KypHanncTuka

PeanbHas
>KypHanncTuka

PeanbHas
XKYPHaAncTuka

take

17

17

17

17

17

23

23

23

23

23

2971 rows x 27 columns

recommendedVideold

-8S3yM-qyf8

2YMkQW3hANO

4x_1Ek4nSYc

8dNyTaJRfWQ

AdYqFZGgmHw

hOyY7cGvHP8

jZWCAgryXFQ

nérgozEWL1U

0Z5vPV95Q4|

vgOTFcmaqosc

savingTime

2020-02-
14T15:26:33.200Z

2020-02-
14T715:26:33.200Z

2020-02-
14T15:26:33.200Z

2020-02-
14T715:26:33.200Z

2020-02-
14715:26:33.200Z

2020-02-
16711:09:33.142Z

2020-02-
16T11:09:33.142Z

2020-02-
16T11:09:33.142Z

2020-02-
16711:09:33.142Z

2020-02-
16T11:09:33.142Z

id

de735cbbe3ff8679fb41

de735cbbe3ff8679fb41

de735cbbe3ff8679fb41

de735cbbe3ff8679fb41

de735cbbe3ff8679fb41

3c63a55782d1da1cf902

3c63a55782d1da1cf902

3c63a55782d1da1cf902

3c63a55782d1da1cf902

3c63a55782d1da1cf902

watcher

User 1

User 1

User 1

User 1

User 1

User 2

User 2

User 2

User 2

User 2

recommendedVerified

True

True

True

True

True

True

True

True

True

True

recommendationOrder

11

15

20

17

18

13

i2pN

i2pN

i2pN

i2pN

i2pN

TLZ

TLZ

TLZ

TLZ

TLZ



selection=df.loc[df['recommendedAuthor']==df[ 'precendentAuthor']]

len(selection)

103

There even less matches between the author of recommended and the author of precedent video than between the author of recommended and
the author of watched. However, there still might be a cooccurence?

unique_across_takes=unique_across_takes.join(
selection.groupby('take').size().to_frame().rename(columns={0: ‘pr_au _obs_total'}).join(
selection.loc[selection[ 'recommendationOrder']<=3].groupby('take").recommendedVideold.size().to_frame().rename(columns={"rec:
selection.loc[selection[ 'recommendationOrder']<=1].groupby('take").recommendedvVideold.size().to_frame().rename(columns={"rec:
selection.groupby('take"').recommendedvVideoId.size().to_frame().rename(columns={'recommendedVideoId': 'pr_au_total size'})).j
selection.loc[df[ 'recommendationOrder']<=3].groupby( 'take").recommendedvVideoId.size().to_frame().rename(columns={"'recommende
selection.loc[df[ 'recommendationOrder']<=1].groupby('take").recommendedvVideoId.size().to_frame().rename(columns={'recommende

unique_across_takes=unique_across_takes.fillna(®)

ax=unique_across_takes[['obs_total’,

'pr_au_obs_total', 'pr_au_obs_top_three', 'pr_au_obs_first']].plot(figsize=[10,5])
ax.axvline(10, color="red", linestyle="--"
ax.axvline(24, color="blue", linestyle="--
ax.axvline(20, color="red", linestyle="--"
plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at 0x18cf53dbdoo>
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According to this, it is most unlikely that the author of precedent video will appear on the top positions in the next list. Such a tendency appears
at 24, however it is the single example in our data. As the users in our collections did not view the video of the same channel more that once, this

can not be verified but remains possible in case of different research design.

The next hypothesis is that the repetitive recommendations have to do with the caracteristics of the content. Therefore, | examine annotated

categories such as relevance and evaluation.

Content analysis of recommended

Overview over annotation categories in dataset (for details on annotation see
Codebook_annotation_dataset_1.pdf)

df[ 'relevance'].value_counts()

no 1674
yes 1297
Name: relevance, dtype: int64



df[ 'evaluation'].value_counts()

no 1676
positive 713
negative 459
ambivalent 123

Name: evaluation, dtype: int64

df[ 'engagement'].value_counts()

prorussian 786
antiputin 741
no 616
antirussian 518
proputin 175
proukrainian 85
antiukrainian 50

Name: engagement, dtype: int64

df[ 'cathegory'].value_counts()

russian tv 948
professional blogging 821
amateur blogging 618
ukrainian tv 323
video from radio 94
other 89
amateur smartphone video 37

Name: cathegory, dtype: int64

df[ 'topic'].value_counts()



politics 1828

economics 340
history 288
war 122
army 102
entertainment 87
medicine 39
news 32
sports 17
music 7
cinema 4
tourism 1
technics 1

Name: topic, dtype: int64

df[ 'actual_topic'].value_counts()

no 2532
rogoBlWMHa aHHeKcun KpbiMa 258
KOpOHaBuUpyC 113
nonpaBkM K KOHCTUTYLUU 53

rogoBWwMHa cmepTu bopuca HemuoBa
npuroBop Mo Aeny ceTwu

120-neTtne Kkpeicepa "Aspopa"
neperosopsl OMNEN

B3pblB B MarHutoropcke

Name: actual_topic, dtype: int64

P NN W N

df[ "language'].value_counts()

russian 2918
ukrainian 31
russian and ukrainian 13
english 8
spanish 1

Name: language, dtype: int64
Examination of relevance and evaluation in dataset

Hypothesis: relevance in recommendations would be equal in parts of datasets, because all users



watched videos to the topic

relevance=df.groupby('stage').relevance.value_counts().to_frame().rename(columns={'relevance': 'rel count'}).unstack(level=0).T.I
del relevance[ 'level 0']

relevance['p no']=relevance[ 'no']/(relevance[ 'no']J+relevance['yes'])*100
relevance[ 'p_yes']=relevance[ 'yes']/(relevance[ 'no']+relevance[ 'yes'])*100

relevance

relevance stage no yes p_no p_yes
0 1 123 77 61.500000 38.500000
1 2 764 689 52.580867 47.419133
2 3 787 531 59.711684 40.288316

There are 7% more relevant videos on the second stage than in third. Does the situation differ for the top three and first of recommended?

relevance=df.loc[df[ 'recommendationOrder']<=3].groupby('stage').relevance.value_counts().to_frame().rename(columns={"'relevance":
del relevance['level 0']

relevance['p_no']=relevance[ 'no']/(relevance[ 'no']J+relevance['yes"'])*100
relevance['p_yes']=relevance['yes']/(relevance[ 'no'J+relevance[ 'yes'])*100

relevance

relevance stage no yes p_no p_yes
0 1 12 18 40.000000 60.000000
1 2 110 108 50.458716 49.541284
2 3 102 96 51.515152 48.484848

There are more relevant recommendations in the top three across experiment stages. Will the tendency remain the same for the first

recommended?



relevance=df.loc[df['recommendationOrder']==3].groupby('stage"').relevance.value_counts().to_frame().rename(columns={'relevance’:
del relevance['level 0']

relevance[ 'p_no']=relevance[ 'no']/(relevance[ 'no' J+relevance['yes'])*100
relevance['p_yes']=relevance['yes']/(relevance[ 'no'J+relevance[ 'yes'])*100

relevance

relevance stage no yes p_no p_yes
0 1 6 4 60.000000 40.000000
1 2 45 27 62.500000 37.500000
2 3 39 27 59.090909 40.909091

Comparing the first recommended, relevance is on the same level. Across the different takes, it behaves chaotically.

ax=df.groupby('take"').relevance.value_counts().to_frame().unstack().plot(figsize=[10,5])
ax.axvline(10, color="red", linestyle="--"

ax.axvline(26, color="blue", linestyle="--"

ax.axvline(16, color="blue", linestyle="--"

ax.axvline(20, color="red", linestyle="--"

plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at ©x18cf54ac310>
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Hypothesis: positive evaluation dominates after watching pro-annexation videos, while negative
evaluation dominates after watching contra-annexation videos.

evaluation=df.groupby(['take"', 'evaluation']).size().unstack().plot(kind="bar', stacked=True, figsize=[10,5])
plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at 0x18cf54dc8bo>
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In the second stage (11-17) the positive evaluation clearly dominates in relevant recommendations, the ambivalent view is also more frequent

that in third stage (21-27). Negative view on annexation dominates on the third stage, but positive attitude towards the annexation is more

frequent than negative attitude after watching pro-annexation videos.

These tendencies grow bigger if first three and the first recommended are evaluated, see below.

evaluation=df.loc[df[ 'recommendationOrder']<=3].groupby([ 'take",
plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at 0x18cf5448100>

"evaluation']).size().unstack().plot(kind="bar', stacked=True,
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In 25-26, after watching videos with negative attitude towards the annexation, in 4 of 10 cases a video with positive evaluation of the annexation
is recommended in the first place (see below). After watching video with positive attitude, a video with opposite view is only recommended once
of 10 (see 12, 16 and 17). The ambivalent view is only presented in one recommended video (26).

evaluation=df.loc[df[ 'recommendationOrder']==1].groupby([ 'take', 'evaluation']).size().unstack().plot(kind="bar', stacked=True, -
plt.legend(bbox_to_anchor=(1.05, 1))

<matplotlib.legend.Legend at 0x18cf56d2e20>
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H}ypothesis: While the relevance remains stable on all stages and evaluations behaves predictable
after watching pro- and contra-annexation videos, among the most intrusive recommendations
(recommended more that 5 times) will be the same relation, d.h. more repetitive positive after
watching pro-annexation videos and the same for contra-annexation videos.

Are highly repetitive recommendations in parts of dataset relevant and how do they evaluate the annexation?

repetitive=df.groupby ([ 'stage']).recommendedVideoId.value_counts().to_frame().rename(columns={"'recommendedvVideoId': ‘'count'})
repetitive=repetitive[repetitive[ 'count']>5].reset_index()
repetitive=repetitive.set_index('recommendedVideoId")

df.columns



Index([ 'watchedAuthor', 'take', 'recommendedVideoId', 'savingTime', 'id',
'watcher', 'recommendedVerified', 'recommendationOrder', 'watchedId’,
'watchedPubtime', 'watchedTitle', 'watchedViews', 'watchedChannel’,
'recommendedViews', 'recommendedDuration', ‘recommendedPubtime’,
'recommendedAuthor', 'recommendedTitle', 'evaluation', 'relevance’,
'actual_topic', 'engagement', 'topic', 'cathegory', 'language', 'stage’,
'precendentAuthor'],

dtype='object")

repetitive=repetitive.join(df[['recommendedVideoId', 'evaluation', 'relevance']].set_index('recommendedVideoId'), lsuffix='recom

repetitive.groupby('stage').relevance.value_counts().to_frame()

relevance
stage relevance

1 yes 53

no 44

2 yes 709

no 321

3 yes 625

no 259

Although relevance among most frequent videos (recommended more that 5 times across the stage) shows only small difference between
second and third take, videos with positive attitude prevail even on the third stage, after the viewings of the contra-annexation videos.

repetitive.groupby('stage').evaluation.value_counts().to_frame()



evaluation

stage evaluation

1 negative 45
no 44

ambivalent 8

2 positive 561
no 321

negative 76
ambivalent 72

3 positive 393
no 259

negative 194
ambivalent 38

There are more repetitions among pro-annexations recommended on the second and third stage. Videos with negative attitude don't appear as
frequent as videos with positive attitude. To give one more visualization of the dataset | show below the picture of the graph representing the
relations between the watched (Source) to recommended (Target), created in Gephi (layout ForceAtlas 2, noverlap, nodes ranking after in-degree
between 10 and 50, watched videos as triangles with size 30, color after evaluation (see legend)).

Image(filename="evaluation.png', width=700, height=700)



° e @ 0ig ®
® ..:.o o:o ..
e "o ®
e 0o 00 @
..0. )
°
Y °
e ® 9
.
evaluation v

B o (75,3%)
B negative (11,82%)

positive (10,63%)
B ambivalent  (2,26%)



On the graph, videos with positive evaluatin of the annexation build a cluster on the left side (green), but recommended with negative attitude
don't build a clear cluster of frequently recommended videos with the same attitude.

To get more insight into the situation, | will concentrate on the political engagement in videos and the category of video as annotated in dataset.

The factor of political engagement and media type

df.groupby(['stage', 'engagement']).size().to_frame().unstack()

0

engagement antiputin antirussian antiukrainian no proputin prorussian proukrainian
stage

1 26.0 65.0 NaN  82.0 3.0 20.0 4.0

2 211.0 98.0 38.0 3270 136.0 613.0 30.0

3 504.0 355.0 120 207.0 36.0 153.0 51.0

Interestingly, on the second stage the pro-russian engagement is dominant, while on the third the critique on putinist regime prevails. Pro-russian
recommended on the second stage are mostly among revant. That means that the annexation is mostly seen as a great event for the Russian
people that an achievement of Putin (407 to 74 in the table below). On the contrary, the anti-putin videos on the third stage are mostly not
relevant for the topic.

df.groupby(['stage', 'relevance', 'engagement']).size().to_frame().unstack().fillna(@).astype(int)



0

engagement antiputin antirussian antiukrainian no proputin prorussian proukrainian

stage relevance
1 no 23 6 0 76 1 13 4
yes 3 59 0 6 2 7 0
2 no 202 29 8 255 62 206 2
yes 9 69 30 72 74 407 28
3 no 415 139 2 163 9 34 25
yes 89 216 10 44 27 119 26

The dominance of the opposition prorussian/antiputin among recommended in the whole dataset, whithin first three and first recommended is
shown on the plots below (brown vs. blue segments).

ax1l=df.groupby(['take', 'engagement']).size().unstack().plot(kind="bar', stacked=True, figsize=(10,5), fontsize=15)
plt.legend(bbox_to_anchor=(1.0, 1.0))

axl.set_title('Engagement across all recommendations')

ax2=df.loc[df[ 'recommendationOrder']<=3].groupby([ 'take', 'engagement']).size().unstack().plot(kind="bar', stacked=True, figsize
plt.legend(bbox_to_anchor=(1.0, 1.9))

ax2.set_title('Engagement across top three recommended')

ax3=df.loc[df[ 'recommendationOrder']==3].groupby ([ 'take', 'engagement']).size().unstack().plot(kind="bar"', stacked=True, figsize:
plt.legend(bbox_to_anchor=(1.0, 1.9))

ax3.set_title('Engagement across first recommended')

Text(0.5, 1.0, 'Engagement across first recommended')
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Engagement across first recommended
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Another interesting feature to be observed is the distribution of media types across the dataset. As shown on the graphs below, the
recommendations of the first dataset are dominated by Russian TV productions while on the third stage professional and amateur blogs are most

frequent type of media. The last focus in general on critique towards putinism in different aspects, and this is why the videos recommended on
the third stage are frequently irrelevant towards the estimation of the Crimea's annexation.

axl=df.groupby(['take', 'cathegory']).size().unstack().plot(kind="bar"', stacked=True, figsize=(10,5), fontsize=15, title='Media -
plt.legend(bbox_to_anchor=(1.0, 1.9))

ax2=df.loc[df[ 'recommendationOrder']<=3].groupby([ 'take', 'cathegory']).size().unstack().plot(kind="bar', stacked=True, figsize=
plt.legend(bbox_to_anchor=(1.0, 1.9))

colors=["'tab:blue’, 'tab:red', 'tab:purple', 'tab:brown', 'tab:pink’']
ax3=df.loc[df[ 'recommendationOrder']<=1].groupby([ 'take', 'cathegory']).size().unstack().plot(kind="bar', color=colors, stacked=
plt.legend(bbox_to_anchor=(1.0, 1.9))

<matplotlib.legend.Legend at ©x18cf5e2cf10>



Media type across the dataset
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In [69]:

Media type among the first recommended
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Among the first recommended, there are even more Russian TV productions than at lower positions in the ranking. To give one more visualization
of the dataset | show below the picture of the graph representing the relations between the watched (Source) to recommended (Target), created

in Gephi (layout ForceAtlas 2, noverlap, nodes ranking after in-degree between 10 and 50, watched videos as triangles with size 30, color after
category (see legend)).

Image(filename="category.png', width=700, height=700)
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The dominance of the blue on the left indicates the influence of Russian TV channels among the recommended. The frequent recommended
videos of Russia TV channels (blue cluster on the left) are also relevant and accompanied by the recommended in the same category. On the

right, another cluster can be obseved, which was not visible before: green and rose recommended come from professional and amateur blogs.



Such media controversy between Russian TV and YouTube blogs is comprehensible, since the political opposition was repressed from official TV
channels and finds its place on YouTube. For the case of Crimea's annexation, the most interesting detail is that the right cluster is segmented
more, that means that the videos in this cluster is recommended less frequently, with a bigger proportion of unique as demonstated above. The

recommended in this cluster are frequently not directly relevant for the topic of the annexation, but generally negative towards the Putinist
regime.

Factor of language

Let's take a quick look at another annotation parameter: the language of annotated videos. The plot below demonstrates the dominance of

Russian across the dataset. Watching of first video in Russian was enough for YouTube recommended to render the recommendations almost
exlusively in the same language.

In [76]: language=df.groupby ([ 'take', 'language']).size().unstack().plot(kind="'bar', stacked=True, figsize=(10,5), fontsize=15, title='Lal
plt.legend(bbox_to_anchor=(1.0, 1.0))

out[70]: <matplotlib.legend.Legend at 0x18cf5427b50>
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Comparison of first, second and third dataset

The second and the third datasets were collected starting from the most frequent relevant recommendations in the first and second dataset

respectively. The goal was to collect more relevant videos and inspect the limitations of the bubble shown at the left side of the graph. 17 videos

for the second and 44 videos for the third collection were selected from the top relevant videos from the previous collection. There was no

separation in different opinions towards the annexation.

Nevertheless, the constitution of the dataset allows a comparison between dataset regarding their formal features: the frequency of the unique

recommended and the impact of duration of collection on collected data. To test this factors on the more unified data parametes, | build two test

samples: one test sample by selecting six users from the first dataset and the second by selecting the first 18 starting videos of the third dataset.

df_2=pd.read_excel('DATASET_2.xlsx")

df_2.columns

Index([ 'Unnamed: @', 'publicKey',
'uxLang', 'parameter’,
'recommendedAuthor’,
'recommendedLengthText"',
'recommendedViews',
'recommendationOrder’,
'watchedTitle"',
'watchedViews"',

dtype="'object")

'watchedLike',

df_2.savingTime.min()

'2020-12-03T10:23:56.071Z"

df_2.savingTime.max()

'2020-12-08T14:08:07.569Z"

df_2.groupby([ 'take', 'watchedVideoId'

'login’,
'recommendedId’,

'recommendedTitle’,
'recommendedPubTime’,
'recommendedForYou"',

'recommendedKind',
'watchedAuthor',

lidl,

'watchedDislike',

J

'watchedTitle',

'savingTime',
'recommendedVideoId’,
'recommendedLength’,
'recommendedRelativeS’,
'recommendedVerified’,
'watchedVideoId',
'watchedChannel’,
"take',

'clientTime"',

'watchedPubTime',
'watcher'],

'watchedAuthor']).size().to_frame()

.rename(columns={0:

'observations'})



take watchedVideold
1 kJ_mWitDyBUo
2 IX62FV9TCSU
3 mhrPXMQUNBA
4 4x_1Ek4nSYc
5 0Z5vPV95Q4I

6 t9AWGNFCi9U

7 ymzxXczhc00

8 VXt0-e0_aYM

9 yGkVDeecVmU

10 g-oWNfImYQo
11 wlg6WkwMd9k
12 vgOTFcmqosc
13 aGNbdYyBBXI

14 YywmuqTC-14

15 8bQ48X7D7wo

16 otFAf5_Aiwo

17 6-gEYGG2ZGO

18  JztzWP3mZw4

df_3=pd.read_excel('DATASET_3.xlsx")

watchedTitle

Kpbim rnasamv amepukaHua

«KpbIMmckas BecHa». [lokyMeHTanbHbI ¢punbm Cepres XosolweBcKoro
O6pauieHne Bnagumupa MyTtrHa no utoram pedpepeHaymvia B Kpbimy
Kpbim. Bo3BpalueHne gomoii. CneuuanbHbii penoprax

Kak namenuncsa Kpbiv 3a 5 ner. Bacununii Bonra

18.03.2014 TbicAum ceBacTONO/IbLEB NPa3AHYHOT Ha niowaau HaxumoBa

BO3BpaljeHue B coCTaB Poccum

n Kpym. OToueHi 3pagoto #

KpbiMmckuia 7 BepkyT # . [lokymeHTanbHbIA ¢puabm - Poccus 24

TabneTku oT Uctepum 1 orneyaTku poros: MyTUH Nopasn y4acTHUKOB

MM3® oTKPOBEHHOCTbIO

KpblMCKaﬂ npasaa. Cneu,uaanblﬁ penopTax

Kepub: «<Kpbimckas BecHa». Kak 310 6b1710

Kpbim. JInHna 3awmutbl

BEXXJIUBbLIE TIOAWN Pepkune kappbl

Cneu-onepauua 7 Bexxnmsbie /liogn # - XpoHuka B Kpbimy

3a uto KpbIim He nt06un YkpanHy?

OnekcaHap JlykaweHko npo Kpum, 3eneHcbkoro i YkpaiHy — EKCK/1FO3UB

Ana YKPAIHCbKUX 3MI
KpblMHaHe MOHAJIN, KyAAia OHU nonain

PoccusaHe ycranm ot Kpbima

watchedAuthor
RT Ha pycckom
HTB

RT Ha pycckom
TV Center
TOPINFORM

HTC CeBacTtononb

Ukrainian military TV
BiicbkoBe TeniebaueHHA YKpaiHu
Poccnn 24

Poccua 24

TV Center

kerchnettv

TV Center

HOBOCTU POCCUN U YKPAUHDI

TaHkoBble Kypcbl *x World Of Tanks *
StubofMetal

Bird In Flight magazine

CerogHs

HoBoctu CBEPXEP)XABDI

Hosoctn CBEPXEP>XABDI

observations

119

101

120

120

120

120

80

40

120

19

121

120

120

120

120

120

120

120

120



df_3.savingTime.min()

'2020-12-12T710:43:21.889Z"

df_3.savingTime.max()

'2020-12-14T10:45:11.746Z'

df_3.groupby([ 'watchedvideoId', ‘watchedTitle', ‘'watchedAuthor']).size().to_frame().rename(columns={@: 'observations'})



watchedVideold
Oh1-iJLxi10
1jkuNM4G5bE

2rzfINEIcSE

35X8XzKvCWo
4x_1Ek4nSYc
6ukYA2kdilg

8ArP2vmkduyY

BJgzVCiqVAg

Csogq_-pg2c

DYTzs6iCRso

HCRKQ5YmRfU
IX62FVITCSU

K6WJu5hbL04

KzQHLXzyuOc
L7XcwUGw17s
PNuPLtM7jwU

RikohxTV6y4

Tj7zEHRXO0I8

watchedTitle
# Kpbim Haw! HaBcerga! # 4 cepusa
JlokyMeHTanbHbINA puabm # FTEPOU CEBACTOMO/IbCKOW BECHbI #

Okkynauusa Kpbima: ¢pakTbl, 0 KOTOPbIX He pacckaXkyT B HOBOCTAX - CeKpeTHbIN
¢$poHT

Cneupenopra)k. Onepauia Kpum
Kpbim. Bo3BpauweHue gomoii. CneuyuanbHbI penoprax
3auem MyTtuHy Kpbim u JloHb6acc - Boablie uem npaBaa

Bnagumup MytuH: Peakumio 3anapa Ha npucoeanHenne Kpoima B MockBe cuutarot
abcontoTHO HeageKBaTHOM

3anagHble >XypHanucTtbl y6eannuncb, uto Poccus He BTopranacb B Kpbiv

MypaeB: OKKynaHTbl He CTPOAT aTOMHbIe CTaHL MW, 3aBOAbl, MOCTbI U goporu. HALL
09.10

Kak o6pauieHue MytuHa cmotpenu B CeBactonose

Kpbim. HoBas 3pa. [lokymeHTanbHbI puabm Apkaama MamoHToBa - Poccuns 24
«KpbiMmckas BecHa». [lokymMeHTaNbHbI ¢punbm Cepres XosoweBcKoro

KPbIM / ®unbm. Menogpama

Kpbim 6epeT nog 3awury 6oiuoB «bepkyta»
KepueHcbkuii mict. Cneynpoekt — PC | Kpum.Peanii
BepkyT. MocneaHunii 6oii. CneymanbHbIi penoprax

PasroBop Kpbimckoro TatapuHa n BoeHHoro us P® Kpbim 13 03 14

MoxnoHckas. UsmeHa PoauHe, AiHykoBuuy, MyTuH, AKceHOB, # HAW-MAW # , Hukonaii
Il, 3enenckumin. # TOPAOH » 2020

watchedAuthor
HTB
PUA «CeBacTonosib»

Tenekanan ICTV

TCH
TV Center
TenekaHan ICTV

RT Ha pycckom

RT Ha pycckom

HALL

Dimitro Sevastopol
Sevastopol Life
Poccnsn 24

HTB

EPIC MEDIA

Epic Media

RT Ha pycckom

Pagio CBob6opa

TV Center

Ukrainian military TV
BilicbkoBe TenebaueHHs YKpaiHu

Amutpuia lopaoH

observations

120

120

120

120
120

120

120

120

120

80

40

120

120

80

38

120

120

117

80

40

120



watchedVideold
VTnBfzRcC_4
VXt0-e0_aYM

YywmuqTC-14

ZIUhntshLpw
bCznoaVNCkO
b_P6DOdWWAI
glkQB456CC8

iDR7gxeJXGI

jdVHKBcdzz4

jeQro8oqw_k
k27ANNqog04
kJ_mWtDyBUo
mhrPXMQUNBA
oHiH9%jaM1w

otFAf5_Aiwo

ov_9tAwBem8

rOakGH-nvYs
sTpkZVUh6Sw

t9AWGNFCioU

tXGET1-fzml

watchedTitle
KpbiM. McnbiTanne YkpanHoii. CnewanbHbIA penoprax
Kpbimckuia # BepkyT # . [lokymeHTanbHbiA ¢uabm - Poccus 24

Cneuy-onepauuna # Bexxnueble Jlioan # - XpoHuka B Kpbimy

n Kpbim Haw! Haecerga! # 1 cepus

Be>xnuebie nroan Kpbim! OaHo amwb  cnoBo Bepb! (2015)
Ak 3aXonuun ocTaHHili kopabenb ykpaiHcbkoro ¢paoty? | Kpum.Peanii
«OcTtpbiit KpbiMm». ®unbm Cepres XosioweBcKoro

YkpaiHcbka uactuHa MMO cnpo6yBasia NOBepHYTU KOHTPO/Ib Haj, aeponopTom #
Benbbek 7

Mwuposbie CMW akKTMBHO KOMMEHTUPYIOT OTKPbITUE ABWKeHUs no KpbiMckomy
MocTy.

# Be>k2inBble NItOAMN I T1a3aMy OUeBUALLEB.

Haw Kpbim. [lokymeHTanbHbI ¢uabm

KpbiMm rnasamv amepukaHua

O6paleHue Bnagumupa MytuHa no utoram pedeperHaymva B Kpbimy
# Kpbim Haw! HaBcerga! 7 3 cepusa

OnekcaHap JlykaweHko npo Kpum, 3eneHcbkoro i YkpaiHy — EKCK/IFO3UB ANA
YKPATHCbKUX 3MI

Kak nomeHsinca Kpbim n kpbimuaHe ¢ 2014-ro. MegBegeBa otBeuaet | Yeit Kpbim? 5
net 6e3 YkpauHbl | Yactb 4

«®opcax. BosBpauieHune» - «<Kpbim. He6o poauHbl», pex. H. l'yryesa, 2016
KAK 3TO BblJ/10!

BEXX/IUBBIE 04! 2014

18.03.2014 TbicAaum ceBacTONOJbLEB NMpasAHYyOT Ha nowaan Haxumosa
BO3BpalleHue B coctaB Poccumn

Kpum, sk ye 6yno / Crimea. As it was / Kpbim, kak 310 6b110

watchedAuthor
TV Center
Poccua 24

TankoBblie Kypcbi % World Of Tanks
Y StubofMetal

HTB

EBreHui Argunov Live
Pagio Ceo6opa

HTB

Espreso.TV

HoBoctu Ha lNepBom Kanane

LORD13VV
Poccuna 24

RT Ha pycckom
RT Ha pycckom
HTB

CerogHs

CrpaHa.ua

Natalia Gugueva
EBrenwnii Argunov Live

HTC CeBacTtononb

#BABYLON'13

observations

120

120

120

120

120

120

120

120

120

120

120

118

120

120

120

120

120

120

120

120



observations

watchedVideold watchedTitle watchedAuthor

tXHuKleHUZU Yem Hep0BO/IbHBI XknTenu KpbiMa Ha NATbIA rof, POCCUINCKO OKKyNnaLum - Tenexkanan ICTV 120
IpaxxpaHckaa o6opoHa

uAKuFx9VZsc  09.05.2014 BE3 KOMMEHTAPUEB: BNIAANMWP NYTUH NPUBbIJ1 B CEBACTOMOJ1b HTC CeBacTtononb 120
vgOTFcmqosc Kpbim. J/InHna 3awmutbl TV Center 120
wlg6WkwMd9k Kepub: «Kpbimckas BecHa». Kak 310 6b1/10 kerchnettv 120
x6Gy6C8fzdk Ak Pocia 3axonuna Kpum? CneunpoexTt | Kpum.Peanit Pagio CeBo6oga 120
xSpczh5DqW8 Mouemy YkpauHa notepsna Kpbim? Onpoc knesnsH CrpaHa.ua 120

first_sample=df.loc[df[ 'watcher'].isin(['User 1', ‘'User 2', 'User 3', 'User 4', 'User 6', 'User 7'])]

len(first_sample)

1697

second_sample=df_3.loc[df_3['watchedVideoId'].isin(['@h1-iJLxil@"', 'rOakGH-nvYs', 'IX62FVI9TCSU', '35X8XzKvCWo', 'oHiH9IjaMlw',
'wIg6WkwMdok', 'HCRKQSYmRfU', 'x6Gy6C8fzdk', 'K6WJuShbLe4', 'PNuPLtM7jwU', 'VTnBfzRcC_4', 'RikohxTVéy4', 'BlgzVCIqVAg',
"L7XcwUGw17s ', 'ZlUhntshLpw', 'vgOTFcmgosc', 'uAKuFx9VZsc', 'gIkQB456CC8'])]

len(second_sample)

2155

data = {'dataset': ['first', 'first_sample', 'second', 'third', 'second_sample'], 'amount of start videos': [15, 15, 18, 44,18],
comparison = pd.DataFrame(data=data)

comparison[ 'percentage unique to total of recommended']=(comparison['unique videos']/comparison['total recommended'])*100
comparison[ 'percentage unique to total of recommended']=comparison['percentage unique to total of recommended'].round(1)

comparison



dataset amount of start hours of data total unique max of unique recommendations percentage unique to total of

videos collection recommended videos per video recommended
0 first 15 1033 2954 933 60 31.6
1 first_sample 15 980 1697 682 33 40.2
2 second 18 124 2040 413 84 20.2
3 third 44 48 5273 1019 146 19.3
4 second_sample 18 46 2155 550 64 25.5

Comparing the percentage values in the last column, we see a range between 19% and 40%. The first dataset and test sample show the largest
values, presumably because of the longer period of data collection. In the cases of the second and third datasets, collected within a shorter
period, having six users watching the same list of videos shows the same relation between the numbers of unique recommendations in relation to
the total recommended.

The comparison between the first dataset and the test sample demonstrates that the decrease in the number of users leads to more disparate
recommendations. Let's inspect how the number of users affects the relation between unique and total of recommended in each dataset.

data_first_ds = {'n_user': [1,2,3,4,5,6,7,8,9,10], 'total_recommended': [279,579,839,1139,1379,1677,1937,2193,2453,2713], 'unique,
first_ds_table = pd.DataFrame(data=data_first_ds)

first_ds_table[ 'percentage first_ds']=(first_ds_table['unique_recommended']/first_ds_table[ 'total recommended'])*100
first_ds_table[ 'percentage_first_ds']=first_ds_table['percentage_first_ds'].round(1)

data_second_ds = {'n_user': [1,2,3,4,5,6], 'total recommended': [340,680,1020,1379,1700,2040], 'unique_recommended': [175,242, 28:
second_ds_table = pd.DataFrame(data=data_second_ds)

second_ds_table[ 'percentage_second_ds']=(second_ds_table[ 'unique_recommended']/second_ds_table[ 'total_recommended'])*100
second_ds_table[ 'percentage_second_ds']=second_ds_table[ 'percentage_second_ds'].round(1)

data_third_ds = {'n_user': [1,2,3,4,5,6], 'total_recommended': [879,1759,2636,3515,4395,5273], "unique_recommended': [433,615,744
third_ds_table = pd.DataFrame(data=data_third_ds)



third_ds_table[ 'percentage_third_ds']=(third_ds_table[ 'unique_recommended']/third_ds_table[ 'total recommended'])*100
third_ds_table[ 'percentage_third_ds']=third_ds_table[ 'percentage_third_ds'].round(1)

percentage table=first_ds_table[['n_user', 'percentage first ds']].set_index('n_user').join(second_ds_table[['n_user', 'percentage
third_ds_table[['n_user', 'percentage_third ds']].set_index('n_user'), lsuffix='n_user')

percentage_table

percentage_first_ds percentage_second_ds percentage_third_ds

n_user
1 75.3 51.5 493
2 56.5 356 35.0
3 52.2 27.8 28.2
4 45.7 24.8 23.2
5 444 22.0 21.8
6 414 20.2 19.3
7 38.2 NaN NaN
8 36.9 NaN NaN
9 343 NaN NaN
10 32.6 NaN NaN

percentage table=percentage table.reset_index()

plt.rc('font', size=20)

percentage_table.plot(x='n_user',figsize=(10, 7), grid=True, colormap=‘winter', linewidth=2.90)
plt.legend(bbox_to_anchor=(1.0, 1.0))

plt.savefig('p_unique_recommended_to_user_num.jpeg')
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In all datasets, the relation of unique recommended to the total of recommended remains stable. In case of second and third dataset, which were
collected within a shorter peroid of time, there are more compact sets of recommended. However, even in the first dataset, with longer period of
data collection, there is a similar relation at a higher percentual level. This demonstrates how the data collections are affected by the number of
users and duration of time collection. Six users seem to be a reasonable compromise to get a base for comparative analysis without accumulating
too much noise. A longer duration seems also to be preferable to reduce the possibility of influencing the working of the algorithm through
repetitive actions. However, this small test on methodology of data collection is exemplatory, there are more tests on different topics and

conditions needed.

Annotation of second and third dataset



For the annotation of second and thrid dataset, the annotated videos of the first dataset are used in the first place. For the rest, the relevance was
estimated based on presence of keyword in hashtags and titles of videos. Video information was downloaded via Youtube-DL (on 13.07.2021).

Since many videos are not accessible since then, | provide the file with video infos as part of dataset.

full video_infos=pd.read_excel('all datasets_df_with_tags.xlsx")
del full video_infos[ 'Unnamed: 0']

full video_infos[ 'recommendedVideoId'].nunique()

1977

full_video_infos.shape

(10245, 33)

annotation=df[[ 'recommendedVideoId', ‘'evaluation', 'relevance']]
annotation=annotation.drop_duplicates(subset="recommendedVideoId")
annotation=annotation.set_index('recommendedVideoId")

full video_infos=full_video_infos.set_index('recommendedVideoId")

full video_infos=full video_infos.join(annotation, lsuffix='recommendedVideoId")
full video_infos['relevance']=full video_infos['relevance'].fillna('unknown")

full video_infos.relevance.value_counts()

unknown 5392
yes 2442
no 2411
Name: relevance, dtype: int64

full video_infos['evaluation']=full video_infos[ 'evaluation'].fillna( 'unknown")

full video_infos.evaluation.value_counts()



unknown 5392

no 2413
positive 1507
negative 741
ambivalent 192

Name: evaluation, dtype: int64

full video_infos[ 'tags']=full_video_infos['tags'].str.strip('[]")

full video_infos[ 'watchedTags']=full_video_infos[ 'watchedTags'].str.strip('[]")

full video_infos[ 'tags']=full_video_infos['tags'].explode().dropna().groupby(level=0).agg(list)

full video_infos[ 'watchedTags']=full_video_infos[ 'watchedTags'].explode().dropna().groupby(level=0).agg(list)

full video_infos=full video_infos.loc[full video_infos['tags'].notnull()]

full video_infos=full video_infos.loc[full_video_infos['watchedTags'].notnull()]

len(full_video_infos)

9560

full video_infos['intersection'] = [list(set(a).intersection(set(b))) for a, b in zip(full_video_infos.tags, full_video_infos.wa"

full video_infos['N_intersection']=full _video_infos['intersection'].str.len()

full video_infos['N_intersection'].value_counts()

0 9441
1 119
Name: N_intersection, dtype: int64

full video_infos.groupby('relevance').N_intersection.value_counts().to_frame()



N_intersection

relevance N intersection

no 0 2124

1 6

unknown 0 5006
1 36

yes 0 2311

1 77

The table above demostrates that absence of common tags seems to be a good indicator of irrelevant videos; however, the presence of common
tags does not necessary indicate relevancy. This estimation was used to construct the graphs of the second and third dataset presented below.

With the help of the annotation of the first dataset, | annotated 23% of unique videos, 13% of which are relevant. After this, | excluded videos with
upload date before the event of the annexation (18 March 2014). This way | eliminated 7% of irrelevant recommendations. Next, | divided
recommendations in two categories according to the presence of unique videos with shared tags: 48% with no shared tags and 52% with shared
tags. Manual annotation of these recommendations proved, that among the first recommendations, 88% are not relevant. Hence, the absence of
common tags seems to be a good indicator for irrelevance. Among the second, 33% are relevant, showing that the presence of shared tags does
not clearly indicate relevant videos. However, this procedure facilitated the annotation: 49 new unique relevant videos (12% of unique
recommended) together with the repetitions from the old dataset resulted in 25% relevant recommendations across the second dataset. On the

graph below these videos are mostly located in the centre of the graph.

Gephi graph of the second dataset: layout ForceAtlas 2, noverlap, nodes ranking after in-degree between 10 and 50, watched videos as triangles,
size ranked after in-degree, colours after annotated evaluation of Crimea’s annexation in watched and recommended videos.

Image(filename="evaluation_second_ds.png', width=700, height=700)
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In the graph, positive evaluation of the Crimea annexation prevails and videos with a positive attitude towards the annexation are recommended
after viewing contra-annexation videos as well. For the third data collection, the pragmatic decision was to explore the limits of this bubble by
collecting recommendations for the top of relevant recommendations (44 videos, including several watched videos from the second data
collection as they were frequently recommended again). The next graph shows this selection in the form of square nodes.

Image(filename="selection_second_ds.png', width=700, height=700)
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Next visualisation shows the third dataset, annotated in the same way as the second dataset. Inside of the graph, watched videos build clusters,



directly relating to each other or sharing mutual recommendations. However, these mutual recommendations are mostly not new. Among new
ones, irrelevant recommendations prevail. New relevant videos are often found on the periphery of the graph, having been recommended once

or twice.

Gephi graph of the third dataset: layout ForceAtlas2, Scaling=70, noverlap, nodes weights after in-degree between 10 and 50, watched videos as

triangles with size 50, colours after coincidence of shared tags and annotated relevance.

Image(filename="relevance_third_ds.png', width=700, height=700)
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The consolidation of three datasets in one makes an evaluation of most robust relations possible. After building and filtering the Gephi graph, we



can easily recognise nodes with strong reciprocal correspondence.

Gephi graph of consolidated dataset from three data collections, filtered after mutual degree, range 3-13. Nodes with negative or ambivalent

view on annexation are marked by green circles.

Image(filename="mutual_relations_network.png', width=700, height=700)
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