Classifying brands on Facebook using
supervised machine learning
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In 2018, almost two thirds of all advertising spend was on digital

UK Digital Ad Spending, 2018-2022
billions of £, % change and % of total media ad spending

£17.63
£16.53

£15.42
£14.27 -

70.8%

7.2% 6.6%

2018 2019 2020 2021 2022
W Digital ad spending M % change M % of total media ad spending

https://www.emarketer.com/content/more-than-60-of-uk-media-ad-spending-is-digital
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| Are brands doing enough to
' | ensure their Facebook content is
n sufficiently differentiated?




How do we use Data Science to answer this?

Can we make a robot smart enough
to be able to tell the difference
between brands on Facebook?*

*Can we use supervised machine learning to allow us to classify
different brand content on Facebook?
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One category, seven brands

= (R VN o e

..... Morrisons

Higher End / Premium



Two main data streams followed by feature engineering

Primary Secondary Engineered
data stream & features data stream & features features
M.orrigor\r;]sé?‘ Morrisons Morrisons
i S trose M&S trose M&S
ASDA fanpage
: karma TS ASDA
==252 TESCO TESCO
Selenium Dashboard CSV output Python / Pandas
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! Post Content : Contains_Video

Has_Hashtag
Hashtag_Count

#Responses Response_Rate
#Comments # Page Likes Comments_Rate
#Shares (by date) Shares_Rate

#Video views e e e e e e : Video_Rate



6350 social media posts were scraped
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M&S Waitrose Sainsburys TESCO ASDA Morrisons
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Classes were mostly balanced
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Unsurprisingly, our branded content
was full of...branding
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We need to do some cleaning up
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Remove all ‘hard’ branding cues : specific

mentions of a brand
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Remove all ‘soft’ brandlng cues : celebrity endorsements
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Remove all ‘soft’ branding cues : hashtags

Morrisons

Salnsburys

reon ()



All we want left is the narrative



All we want left is the narrative
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Engagement metrics aren’t

correlated strongly

r=0.36 - . ¥ r=0.38
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i.e. if a post gets a lot of comments, it doesn't
necessarily get a lot of shares



Engagement metrics are prone to

outliers*

Comments F-"” ¢

Shares . e .

All Responses T R T

0 50000 100000 150000 200000 250000

*posts that were very popular, receiving an unusually high
number of shares, comments and responses



Those outliers are usually videos that are entertaining or
that carry an emotional resonance of some kind
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Entertainment

49%

Size of circles represents number of
shares post received



Some brands are far more likely to

post videos than others

Contains_Video by Brand
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Does this mean they also get a lot
of shares?




Not in all cases and particularly with ASDA — whose
posts without videos consistently get shared more

Brand F------
1
nsburys



Qualitatively, it feels there is a big difference in what
supermarket brands talk about on Facebook

Short. To the point. Wordier.
Food. Recipes. People. Causes



Qur choice of words
influences our identity




Sainsbury’s talk about their magazine/recipes......Iess so

for ASDA who focus on people and communities

Sainsburys

make recipes issue vegan
like special pick

love day

chicken got right good
want .

online
read

leftover instagram

cheese christmas getting

Weighted term frequencies by brand : (TF-IDF) Vectorisation



Lidl talk about price and stock availability

whereas Waitrose focus on recipes

today

weekend

make

deluxe

time

got

range

tomorrow

day

pick

delicious

read

watch perfect chocolate christmas comments
try
favourite simple make free
recipes
tell
dinner simply
win
enpoy
ultimate

Weighted term frequencies by brand

: [TF-IDF) Vectorisation



M&S talk about new things to shop for, Morrisons

(a bit like Asda), avoid talking about food

M&S

EST. 1884

delicious

collection

food

-'

Mo[risons

using

voucher

ince 1899
chance kids
win
new
online simply
day
little

Weighted term frequencies by brand :

tell pick

celebrate treat

range pack

available

(TF-IDF) Vectorisation



Tesco owns Christmas

TESCO

day festive

little

online

summer

finest

family need weekend
party sweet
time
week

Weighted term frequencies by brand : (TF-IDF) Vectorisation



UNOER " ‘

— . — . — . —

Modelling Approach
"

7
S & FINALS
e e Y, | L AWRENCE CA
o




Classifier Evaluation : Confusion matrix

High precision with Waitrose, Sainsbury’s and ASDA i.e. when
our model predicted these brands over 80% of the time it was
correct

Sainsbury' Tesco Waitrose Lidl M&s Morrison ASDA P
pSainshuny’s p-Tesco p Tafose pHE P pTorrisons P precision recall fl-score support

Seinebury’s m 19 ¢ = L e - Sainsbury's 0.84 0.62 0.72 178.0
Tesco 5 189 7 30 17 13 6 Tesco 0.54 0.71 0.61 267.0
Waitrose 0 22 147 11 7 6 Waitrose 0.86 0.76 0.81 194.0
Lid! 9 42 4 248 23 6 8 Lidl 0.70 0.73 0.71 338.0

M&S 3 33 3 23 135 19 2 M&S 0'64 0'62 0°63 218'0
—— . - - - - — - Morrisons 0.70 0.76 0.73 200.0
. ASDA 0.84 0.67 0.75 193.0

ASDA

L T 1

Poorer performance with M&S and Tesco
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Classifier Evaluation : ROC-AUC

ROC Curves

ROC-AUC Curve Interp;etation
‘ |

All classes (brands] have high-ROC-AUC scores
which implies that for most of our brands, our model
has been able toyprovide strong separability

ROC S o tsa 0 (ea = 005} between true positives for that brand (i.e. predicting
ROC curve of class 1 (area = 0.89) 'Waitrose' and it being brand 'Waitrose' arid\true

ROC curve of class 2 (area = 0.98)

ROC curve of class 3 (area = 0.92) negatives (i.e."correctly predidting, it as'something
ROC curve of class 4 (area = 0.92)

ROC curve of class 5 (area = 0.94) else Ot r than Waltrose]

ROC curve of class 6 (area = 0.93)

True Positive Rate

e tea Proalive Fiato, o8 ‘ The only brand that has slightl} weaker AUC scores

U R W O -thi the prgportion of false

Area under ROC curve [ROC-AUCY: ives for Tesco is-higher i.e.
Sainsbury's: 0.93 . X
Tesco: 0.89 our model sometimes incorrectly classed a post

B \Waitrose: 0.96 as Tesco when it was Morrisons (False Positive) and

k:g:spbggz should have classed a post as Iescoswhen it classed

Morrisons: 0.94 it as.something else (e.g. Morrisons]
ASDA: 0.93



Testing the model on new data

Lighten up traditional carbonara with chicken and leeks - this is perfect for using up leflovers from your Sunday roast. Get the Sainsbury’s magazine recipe: httpJ/ibit. ly/2C6P4d0

Note — there is a pre-processor in the pipeline that removes all branding cues
before the model makes any predictions !



Testing the model on new data

(53]
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acksacks for £19.99. In store Sunday 20th January While stocks last. Price correct as of 18/01/19

Bag one of these work
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Testing the model on new data
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Our pomegranate fizz cockiail is a tipple for ringing in the new year.Cheers!Recipe: hitps://bit y/2QvatjW

&

&5
&

&
&




esting the model on new data

Five-year-old Lily loves joining her mum Lissie on her regular shopping trips 1o our Havant store ~ 50 when her school held a careers day she chose working at George as ber dream job!
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Sense checking your social content

W+

Friday! Can't wail
tubsucking hell

Thank Sl it's
to get out of this s

hole.

| have no doubt that most social media
managers know what they're doing, but a little
sense check never hurt anyone
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Transferability to other categories

Facebook pages are [mostly) built with consistent html.
Furthermore, the social infrastructure across
brands (likes, comments, shares] is also consistent for all brands.

So in terms of acquiring new data for other categories and brands,
it would be fairly straightforward to replicate this project again for
anything else you can think of
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Risks & Limitations







