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Our research highlights a number of key insights on the success of
— text-based campaigns to aid managers of charities.

Emotional states, such as anger and
@ sadness, in text-based campaigns are a
W driver for clicks. These states promise
> exponential positive effects, but should be
M used with caution as their effectiveness is
influenced by charity context.
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~ The contextual focus in charity text-based
| \ campaigns is crucial for success. We have
\/ found certain topics to enhance clicks, while
others to do the opposite. Therefore, topic
framing is essential for managers to get

right based on their target.
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Negative sentiment in text-based
campaigns is a driver for clicks. Strategic
use of negative connotation may enhance
campaign success.

Including images in an email, a campaign
has a higher chance to get open, click or
donate rather than one that doesn't include
any images. We found out that images that
portray people had slightly more opens and
clicks.

People, they do not give attention to the
format of the letters so much. Since
people are more visually oriented, they
were less influenced by the headers.



Data Exploration

Top 10 words b d

Top 10 Most Frequently Used Words

Top 10 Words

help- 353
help (353 times)
SUppOFt { 312
support (312 times)
refugee- 229
refugee (229 times)
child- 143 .
child (143 times)
assistance- 104 *ﬁ% assistance (104 times)
A
“fe ’ 86 life (86 times)
) pres
give give (79 times)
christmas- 78 christmas (78 times)

today ‘. today (76 times)
difference ‘. . difference (75 times)
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The median number of clicks The average number of

generated by the campaign is words contained in each
233.80 textis 19
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validuie oeleiatiofn TOPIC l'I'lOdE“II'Ig The value of the The value of the
following algorithms is = following algorithms is

Distribution of emotions minimized: maximized:
« CaoJuan2009 « Deveaud2014
— S is the optimal number of The value that minimizes ~ The value that
- Throughout the campaigns, Lexicon : : i :
NRC assigned approximately 1500 tOpICS them sits at 5 maximizes them sits at 5
words to the "positive" emotion Anger
« "Trust" is the emotion with the 1000 Anticipation
second-highest frequency, with 500 g
words being matched to it 2 Disgust
- The pattern is discontinued with 2 Fear
"negative”, being the third emotion -4 500 Joy
with the highest frequency = . . . . et
8 g Topic Exploration, Interpretation & Probabilities
ositive
Sadness . .
0 S We used the top ten terms per topic to come up with the
. Trust following topic names:
Emotion
How well he meth e . s — :
o elldot e', ethods ; Z;feeab?;‘:gs bect':’::en tﬁ:ﬁ?;‘:g TOPIC 1 Probability Distribution across Campaigns
Perform . methods . Since most dots are : 3 Showcase campaign association to each topic based on probability.
green, there iS consensus on Chlldcare & parentlng care T1: Chidcare and Parenting T2: Christmas and Gaft-Giving
the majority of observations. -
Syuzhet and The number of sentences the
i b= methods agree on is 543. ,
Sentimentr agree on & « The red dots, on the other hand, TOPIC 2
96% B point to misclassifications. The . ] - |
8 number of sentences the Christmas & Gift-Giving _
of the cases methods disagree on is 22. . bl s w . ) ostbul .
- T3 Refuges Asaistance and Suppon T4 Community Services and Resources
Syuzhet TOPIC 3 E ﬁnc
Top 10 words by sentiment Refugee Assistance & —
Q4
Neaative Positi The number one ranked Support ;"’: _ "
g ositive negative word has a count of g - -
35S, while the number one . 3 TS
Vulnerable SUpport ranked positive word has a Toplc 4 a TS Environmental Conservation and Sustamabiity
Em;'lggncg P\r":l[‘:t‘;l::t count of a little above 300 Communitg Services and
Distress Recommendation Resources
Diﬁgls;er Contribution There are 10 times
[ Rewarding more positive words Id
Threaten Protection than negative on . TOPICS ! |
Disorder well average. Environmental Conservation : e
L Sustainable & Sustainability | Probabity (gamma)

Crisis Suppornng



Methodology: Road to the final model

© Correlations

Investigating correlations
of our variables with
clicks, we already see
that negative sentiment
and emotions are
correlated with more
clicks.
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Overview of Sig. Correlations

© Full Linear Model

Fitting a linear model with all
sentiment variables, topic
probabilities, and word
counts resulted in
multicollinearity issues,
presenting a need to reduce
the number of variables.

© Non-linear effects in

We fit a model including the quadratic term separately for each of the variables that are relevant for our final model. Afterward, we perform ANOVA's. We found the quadratic term to be
significant for number of words (p <.007), bing (p < .001), anger (p = 0.04) and sadness (p = 0.02), indicating a non-linear relationship with clicks. Although we keep these variables in our
linear model we do not interpret them linearly. Instead, we visualize the relationships and base our findings on that.

nr. of words

Initially number of words have a positive effect on
clicks. This turns negative after around 40 words.

As Bing sentiment turn more and more positive, clicks
decrease exponentially. At 2.5 it appears to switch.
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€ Ensemble methods: Lasso & Elastic net

After performing the two ensemble techniques, we find them to have similarly low RMSE for
out-of-sample prediction (~67). To build our final linear model we prioritize Elastic net's
structure as it has one less variable (AFINN sentiment).

Based on this, we choose the following predictors for clicks:

anger

Anger has a growing positive relationship with
clicks, however too much anger turns it negative.

Anger NRC Score

sadness

There appears to be an exponential positive

relationship between sadness and clicks.






























































































