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ABSTRACT
Marketing practices have adopted the use of computational approaches in order to optimize the performance of their promotional
emails and site advertisements. In the case of promotional emails,
subject lines have been found to offer a reliable signal of whether
the recipient will open an email or not. Clickbait headlines are also
known to drive reader engagement. In this study, we explore the
differences in recipients’ preferences for subject lines of marketing emails from different industries, in terms of their clickthrough
rates on marketing emails sent by different businesses in Finance,
Cosmetics and Television industries. Different stylistic strategies of
subject lines characterize high clickthroughs in different commercial verticals. For instance, words providing insight and signaling
cognitive processing lead to more clickthroughs for the Finance
industry; on the other hand, social words yield more clickthroughs
for the Movies and Television industry. Domain adaptation can further improve predictive performance for unseen businesses by an
average of 16.52% over generic industry-specific predictive models.
We conclude with a discussion on the implications of our findings
and suggestions for future work.
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INTRODUCTION

The language used in a subject line plays an important role as a
determinant of relevance. For example, it can lead to recipients
choosing to open an email sooner rather than later, or to delete the
email without opening it at all; it could lead to them marking the
email as spam or even unsubscribing from the mailing list. Email
servers also use language models to predict whether or not an email
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is spam. In the case of news websites, copywriters tailor sponsored
articles to get the reader’s attention with interesting or provocative
headlines that are relevant to their personal interests.
We propose to use click information to predict the performance
of future promotional emails. The findings can be used to formulate copy–writing cues for different industries, and for captioning
news articles (see, for instance, the subject line performance predictors developed by Persado1 and Adobe Campaign2 ). Modeling
the language of email subject lines is also increasingly relevant for
tasks such as inbox management, email stacking, and information
retrieval, in order to understand the relevance of an email to its
recipient. Intelligent inbox management techniques, such as the
stacking of emails under tabs [1] use features based on the subject
lines, content and sender information.
Since language-based models do not generalize well to out-ofdomain samples, we implement domain–adaptive approaches to
tailor a generic predictive model towards making better predictions
for different businesses, where the distribution of clicks may differ
widely from the industry norm.
In summary, our contributions include: 1) a new NLP task for
clickthrough prediction on email subject lines from a variety of
businesses and industries (Table 1); 2) an exploration of the effectiveness of language modeling for predicting email clickthroughs
and identifying clickbait articles. Our models show promise in predicting email open rates (hereafter referred to as clickthrough rates
or CTR), with an average mean absolute error (MAE) of 4.5% (Table
2). On the clickbait detection task, the proposed approach provides
a performance gain of 7.7% in recall and a 4.8% gain in F1-score over
the state of the art (Table 3); and 3) the implementation of domain
adaptation approaches to make these language models generalizable to out-of-domain samples, leading to a 16.5% improvement
over prior results (Table 6).

2

RELATED WORK

The literature exploring the relationship between the language of
emails and recipient behavior has drawn on mixed methods to
offer linguistic and predictive insights into the best strategies for
garnering email responses. The paper by Miller and Charles [21]
provides a qualitative analysis of 150 personal emails from the Enron email dataset3 and 150 spam emails from the Spamdex dataset4 ,
to propose 40 rules for improving the impact of marketing emails.
However, these qualitative analyses are necessarily small in scope,
1 https://persado.com/wp-content/uploads/2015/06/PersadoGoDatasheet.pdf
2 https://blogs.adobe.com/digitalmarketing/email/amplifying-email-insights-

predictive-subject-lines/
3 http://cs.cmu.edu/ enron/
4 http://www.spamdex.co.uk

and do not compare between the best strategies for different types
of businesses.
Studies have predicted email clickthroughs [2, 18, 28] using simplistic keywords, syntactic features, and time–based features [9, 19].
The study by Shish et. al has used email subject lines among other
features for the detection of email spam [31], while Ferriera et.
al have used subject lines to identify phishing emails [10]. Most
studies profiling user behavior on emails have been conducted in a
relative small scope on a small set of monitored users [14, 18, 26].
The study by Di et al. [9] analyzed a corpus of conversations between known contacts. The problem takes on a different set of
challenges when the focus is on targeting marketing emails, sent
by a corporate entity. Studies have measured user preferences in
terms of ad clickthroughs [12] and consumers’ motivations in passing along emails in viral marketing campaigns [23], as well as the
cognitive predictions which may lead them to forward or click the
links in marketing emails [15, 34]. The authors observed recipients
evaluate marketing emails on a number of cognitive factors such
as the benefit goals related to the message, trusting beliefs in the
message sender, involvement with the message and the cost of
future efforts required to follow through with the message.
We have compared our method against the work of Sahni et.
al [28]. The authors test the contribution of email subject line personalization in boosting the rate of email clickthroughs. They conducted randomized control trials on 68000 recipients and concluded
that adding the name of the message recipient to the email’s subjectline increases the probability of the recipient opening it by 20%.
Although we have used personalization as one of our features, unexpectedly we did not observe it to play a role in determining email
clickthroughs, once linguistic features were also included.
Some studies on ad clickthroughs have modeled the problem
using website content features [27], advertising-based features such
as hotness, promotion, events and sentiment [5], similarity to surrounding ads [8], user demographics [6, 13] and attractiveness
features or attractive words [16]. However, the case of predicting
email clickthroughs is quite different because the relevant cues are
limited to information about the sender and the email subject line.
There are a few online tools and plug-ins such as ‘Downworthy’
which detects clickbait headlines by following a rule–based approach [11]. The qualitative analysis by Blom and Hansen[3] used
a dictionary of forward-references at the discourse level (“This
news will blow your mind") and at the phrase level (“This name is
hilarious.") to identify that clickbait articles occur mostly in commercial, ad-funded, and tabloid news websites. However, they did
not propose an approach for clickbait detection. Evidently, these
approaches are not scalable because they operate on a manually
curated list of phrases or links. Potthast et al. [24] developing a
clickbait classifier for Twitter based on a small annotated dataset.
We compare our approach against the clickbait classifier developed by Chakraborty et. al [4] on a corpus of 15000 article headlines
scraped from WikiNews and various tabloid news websites. Their
best-performing classifier used sentence structure, topical similarity, lexical patterns and n-grams in a support vector machine (SVM)
set-up to achieve an accuracy of 0.93.

3

METHOD

There are three parts to this study:
• Predictive modeling: We compare the performance of these
features in predicting email opens and clickbait articles. We
demonstrate that the best predictive models are data-driven
and significantly outperform the state-of-the-art.
• Language insights: We highlight the successful copy–writing
strategies in different contexts by conducting univariate regressions of these features with email clickthroughs.
• Domain adaptation: We demonstrate how domain adaptation improves out-of-sample predictions on unseen domains
and businesses and further for diagnosing the differences
through insights.

4

DATA AND FEATURE EXTRACTION

The Email dataset: The email dataset was collected from Edatasource5 , an email inbox monitoring organization which tracks over
25 million emails for 90000 distinct businesses per day. The data is
categorized into 98 industries. Using their licensed API, we were
able to download the email meta-data and aggregate recipient response information for up to 20000 promotional emails each, sent
over a one–year period (April 2015 to March 2016) for three categories of businesses: Finance, Cosmetics, and Movies & Television.
Statistics about the data sets are provided in Table 1. The distribuTable 1: Dataset description: email subject lines

Emails
Businesses
Users
Training Set
Test Set
µ Clickthrough Rate (%)
σ S.D.
γ Skewness

Finance
18941
47
24m
15168
3773
26.0
13.0
0.29

Cosmetics
3394
57
5.7m
2731
663
13.0
9.0
2.1

Movies
& TV
3165
69
3.5m
2555
610
12.0
9.0
2.2

tion of clickthrough rates for Cosmetics (µ = 0.13) and Movies &
Television (µ = 0.12) are fairly Gaussian, and much like each other,
while Finance (µ = 0.26) has a few outliers and a mean twice that of
that the former industries. The final plot demonstrates that there is
a wide variance in the clickthrough rates across businesses within
the same industry. This highlights the need for intra-industry domain adaptation in predictive models for email clickthrough rates,
especially when the prediction is for unseen businesses.
The Clickbait dataset: The Clickbait dataset comprises a total of
15000 randomly sampled articles, half of which are labeled positive
(clickbait present) or negative (non–clickbait), and were collected
from Buzzfeed, Scroll and several news websites. Detailed about
data collection and sampling are provided in the original paper by
Chakraborty et. al [4].
5 see

http://www.edatasource.com. Edatasource monitors the email inboxes of millions of email users, after obtaining their consent, and saves email contents and user
responses in a de–identified form for the purposes of marketing research.

4.1

Pre-processing the Email dataset

We discarded those emails which were received by less than 100
users. This is because the clickthrough rates (as provided by eDatasource) are extrapolated for a larger population, based on the actual
responses of a smaller sample of users. Our expectation is that if the
actual no. of observations is more, then there is more confidence
that the observed clickthrough rate is closer to the actual clickthrough rate. The law of large numbers states that the observed
response rate for m recipients converges to the actual response rate
as the value of m increases. We conducted a preliminary weighted
regression analysis, by assigning a weight to each sample subject
line, which dictates its contribution to the regression loss function.
Let S denote the n subject lines in the data set. For each sample si ,
the weight is defined as,
w i = loд(mi /mo )

(1)

provided by [25] to generate 100 ‘topics’ of closely related words.
Topic modeling (2000 features): A total 2000 social–media specific topics provided as an open-sourced resource by Schwartz et
al. [29] are used for topic modeling. These topics were created from
approximately 18 million Facebook updates, by using the Mallet
package in Python to implement Latent Dirichlet Allocation (LDA)
with the alpha set to 0.30 for the LDA computation in order to
favor fewer topics per document. Each line in either dataset is
transformed into 2000 features, derived from a. its probability of
mentioning words, p(word |line) and b. the probability of the words
being in the given topics, (p(topic |word)). The distribution of topics
for each line is thus calculated as:
p(topic |line) =
Õ
p(topic |word) × p(word, line)
(3)
wor d ′ ϵ topic

where mi is the number of recipients of email campaign with subject line si , whose responses were recorded.
Thus, in the loss function, we give more weight to subject line
samples whose response rates have been calculated based on the
reaction of larger number of recipients.
We identified that the best performance was obtained by aggressively down–weighting those subject lines which had an actual
recorded volume of under 100 emails, which always had a clickthrough rate of 0%. They also appeared to be mis–categorized as
industry–specific emails. After filtering out emails with less than
100 users, we were left with 18941, 3364, and 3165 subject lines
respectively for Finance, Cosmetics, and Movies & Television.

where p(topic |line) is the normalized word use in a line and p(topic |word),
the probability of the topic given the word, is provided by LDA.
Furthermore, we use the joint probability, p(word, topic), in order
to determine a word’s prevalence in a topic.
(POS) Part of Speech tagging (36 features): We extracted part
of speech tags for each line using the TweetNLP tagger, which is
trained on social media text [22].
Meta-feature extraction (13 features): We also mined the raw
counts for character length and word count, number of punctuation
marks, number of symbols and the presence or absence of personalization elements in the subject line (for example, the mention of
the recipients’ names).

4.2

5 PREDICTIVE PERFORMANCE
5.1 Clickthrough rate prediction

Feature Extraction

This section provides an overview of the feature extraction process
used to construct sets of meta-features (lengths and other counts),
syntactic features (Parts-of-speech) and linguistic features (lexiconbased and data-driven) from the email and the clickbait datasets.
N-grams(3000 features): We use the bag-of-words representation to reduce the line of text in either dataset (either subject line
or article headline) to a normalized frequency distribution over a
vocabulary. Due to our sample size, we reduced the dimensionality
of our n-gram feature space by retaining only the most frequent
1000 1−, 2−, and 3−grams each, used in at least 10% of the emails.
f req(line, nд)
′
nд ′ ϵnдs f req abs (line, nд )

f reqr el (line, nд) = Í

(2)

(GI) General Inquirer categorization (184 features): The
General Inquirer lexicon [32] comprises over 15000 words arranged
in 184 thematic categories6 , such as Social, Motion, Food, Power
and Money. Each line in either dataset was thus represented in
terms of the percentage proportions of the 184 lexicon categories
within the General Inquirer.
Word2Vec embeddings(100 features): Data-driven topics are expected to be more representative of the short text in our datasets as
compared to the General Inquirer dictionary. We represent subject
lines through topic clusters of their neural embeddings trained on
the skip-gram Word2Vec Twitter corpus [20], factorized using a
word-context PMI matrix [17]. We use the Gensim implementation
6 http://www.wjh.harvard.edu/

inquirer/homecat.htm

We used DLATK’s implementation of Python’s scikitlearn package
[30] to model email clickthroughs in terms of the language of the
subject lines. We conducted a five–fold cross–validated weighted
linear regression on the dataset with Ridge, Elastic–net, and Lasso
regularization. The performance is measured on the held–out sample by using the Mean Absolute Error (MAE) and the goodness–of–
fit (R 2 ). To avoid overfitting, we use randomized principal component analysis (PCA) after filtering out any features which were not
significantly correlated with the outcome in univariate regressions.
We also set a feature occurrence threshold of 10% to discard sparse
features. We have reported the results from Elastic Net regularization in the following section.
State-of-the-art model: We use the approach proposed by Balakrishnan and Parekh [2] and the average clickthrough rate over
the entire dataset as our baseline models.
All our models improve upon the baselines – the mean clickthrough rate for the industry as well as the state-of-the-art model.
Parts-of-speech were not useful for predicting email clickthroughs,
which suggests that general structure of a subject line is somewhat
similar across all emails. The General Inquirer model had an average goodness-of-fit of 0.31. A remarkable improvement is observed
when data-driven features i.e. the topics and the top 1000 n-grams
are used with an average goodness-of-fit of 0.45 and 0.58 respectively. Finally, we combined individual feature sets and obtained
the best performances using models built on General Inquirer +
n-grams, and topics + n-grams, with average goodness-of-fit of 0.52

Table 2: RMSE, MAE and R 2 results from Elastic Net regression on the held-out sample on different meta-, syntactic and
linguistic feature sets. The best-performing predictor is built on topics + n-grams, with an MAE of 0.04.
Feature Set
Finance

Cosmetics
Movies
&
Television

RMSE
MAE
R2
RMSE
MAE
R2
RMSE
MAE
R2

Baseline
(Mean)
13.0
11.1
−
9.3
6.4
−
8.1
6.0
−

Balakrishnan &
Parekh 2014
13.1
11.0
.09
9.0
7.2
.06
9.2
7.1
.06

Metafeatures
10.3
10.3
.09
8.1
6.1
.06
8.4
6.2
.06

and 0.64 respectively. Our Word2Vec topics did not yield promising
results, perhaps because of the mismatch between training and test
corpora.

5.2

Clickbait Detection

We compare the performance of an SVM classifier trained on topics
+ n-grams (our best performing feature set from Table 2) on the
clickbait detection task, against the results reported by Chakraborty
et. al [4] in Table 3. We report a 7.7% gain in recall, and a 4.8% gain
in F1-score over their best performing SVM classifier. This exercise
helps establish the validity of our approach across another similar
task and a different, standardized dataset.
Table 3: Results on the Clickbait classification task, against the
best–performing SVM classifier by Chakraborty et. al.

[4]
N-grams
Topics + N-grams

6

Accuracy
0.93
0.89
0.97

Precision
0.95
0.85
0.98

Recall
0.90
0.92
0.97

F1 Score
0.93
0.89
0.98

LANGUAGE INSIGHTS

We conduct a regression analysis between all features sets, and the
percentage user responses per subject line. We use least squares linear regression over standardized independent variables (linguistic
and meta–features extracted from subject lines), which produces
a standardized coefficient equivalent to Pearson’s R correlation
coefficients. All results are significant after Benjamini-Hochberg
corrections for multiple comparisons.
Table 4 illustrates the textual features among meta-features and
parts of speech, General Inquirer categories, n-grams and topics.
The effect sizes for individual features ranged from −0.15 to 0.29
across the industries.
6.1.1. N-Grams: Figure 1 depicts the 1-to-3 grams with a) positive and b) negative Pearson correlation with clickthrough rate,
represented as a word cloud. All the correlations were Bonferronicorrected, and are significant at p < 0.01. The size of the word
reflects a higher Pearson correlation with clickthrough rate, while
a darker shade reflects a higher frequency in the dataset. In Cosmetics, words such as ‘please’ and phrases such as ‘surprises!’ led

POS

GI

Word2Vec

Topics

N-grams

12.2
10.5
.15
9.2
6.0
.11
9.3
6.4
.14

11.4
9.1
.33
8.0
6.3
.30
7.0
5.3
.32

15.1
12.1
0.15
12.4
9.1
0.19
9.4
7.1
.17

10.4
7.0
.45
6.3
5.5
.50
5.0
4.3
.58

7.3
5.3
.67
6.0
4.0
.51
5.1
4.4
.63

GI
+ N-grams
9.2
6.0
.56
7.1
5.3
.47
6.2
4.1
.57

Topics
+ N-grams
7.1
5.0
.69
6.0
4.0
.56
5.0
4.0
.64

to more clickthroughs; on the other hand, phrases mentioning discounts as ‘% off’ were negatively correlated with clickthroughs. In
Movies & Television, phrases such as ‘might like’ in the subject line
were more likely to be clicked open, and subject lines mentioning
news coverage or livestreaming footage (‘is live!’) were less likely
to be clicked open. Likewise, for Finance we observed that subject
lines with words such as ‘statement’ and ‘card’ were more likely
while ‘reward’ was less likely to be clicked open.
6.1.2. General Inquirer: Power Gain (words about increasing
power, or being powerful such as emerge, ascend, appoint) is positively correlated with clickthrough rates in Finance; on the other
hand it is negatively correlated with clickthrough rates in Movies &
Television. Food (bacon, breakfast, cereal) is correlated with higher
clickthrough rates in Cosmetics; on the other hand, it is negatively
correlated with clickthrough rates in the Movies & Television. Both
Cosmetics and Movies & Television demonstrate a negative correlation of clickthrough rates with words depicting body parts (arms,
belly).
6.1.3. Topics: Data-driven topics are helpful to contextualize the
results from the n-gram analysis, as they provide an intermediate
level of granularity between the two. Subject lines about saving on
grocery shopping (money, earn, pocket, savings) are less likely to be
clicked open for Finance, and subject lines about specific bathing
products (shampoo, make-up, soap) are less likely to be clicked open
in Cosmetics.
6.1.4. Parts of Speech and meta–features: Short and crisp subject lines devoid of punctuation are evidently preferred in the Finance industry, and are more likely to be clicked open; on the other
hand, proper nouns perform well in Cosmetics, and possessive
pronouns do well in Movies & Television.

7

DOMAIN ADAPTATION

In the previous section, we showed that the topics + n-grams model
has the best in-domain prediction. The challenge arises for predictions for a different industry or a new business. Table 5 shows that
predictive performance can drop by 85% on predictions on other
domains and by up to 28% on unseen businesses. We diagnose these
differences based on the very different regression coefficients for
the same General Inquirer categories, in Table 4 and Figure 2. We
address this problem by implementing an unsupervised and a supervised domain adaptation method and comparing the performance
to the pre-domain adaptation step.

Table 4: Different copy-writing strategies succeed in different industries. Standardized regression coefficients (β s) between different features
of subject lines, and email clickthroughs. All correlations are Bonferroni-corrected and significant at p<.000, two tailed t-test.

Finance
Feature Set

R ∗∗

false, rumors, statement etc.
card, credit, sim, visa etc.
spree, grocery, shopping etc.
money, pocket, savings etc.

.25
.21
-.11
-.11

Power Gain (emerge, ascend etc.)
Social Relations (accept, act)
Positive (create,achieve)
Understatement (few, hard)

.06
.05
-.10
-.06

Word Count
Verb
Currency

-.11
-.10
-.08

Cosmetics
Feature Set
R ∗∗
Topics
wife, sweetheart, hubby etc.
.28
smile, compliment, stares etc. .08
sell, discount, item etc.
-.05
shampoo, make-up, soap etc. -.05
General Inquirer
Food (bacon, breakfast)
.12
Causal (because, chance)
.10
Body Parts (arms, belly)
-.08
Virtue (cute, desire)
-.08
Parts of Speech & Meta-Features
Brackets
.17
Proper Noun
.09
Present Tense
-.08

Movies
Feature Set

R ∗∗

flick, horror, scary etc.
pause, button, snooze etc.
livestream, lifestyle etc.
news, report, flash etc.

.18
.18
-.12
-.18

Commn Object (content, check)
Communication (account,address)
Food (bacon, breakfast)
Power Gain (emerge, ascend etc.)

.18
.17
-.09
-.11

Possessive Pronoun
Verb, third person singular
Numbers

.20
.16
-.12

(a)

(b)

(c)

(d)

Figure 1: The word clouds show the ngrams that are significantly correlated with the clickthrough rate in the Cosmetics (a,b)
and Movies (c,d) industry. The word clouds in blue and red represent the positively and negatively correlated words respectively.
All the correlations were Bonferroni-corrected, and are significant at p < 0.01. The size of the word reflects a higher Pearson
correlation with clickthrough rate, while a darker shade reflects a higher frequency in the dataset.

Table 5: Average out-of-domain prediction performance (RMSE)
by the Topics + ngrams model from Table 2 over a five-fold crossvalidation. Performance drops by up to 85% on out-of-domain predictions.

In-domain
RMSE
Out-of-domain RMSE
I. Prediction on unseen domains
Finance
Cosmetics Movies & TV
Finance
7.0
7.0
6.0
Cosmetics
6.0
13.0
6.0
Movies & TV
5.0
11.0
7.0
II. Prediction on unseen businesses
Training Set
RMSE on Test Set
Business 1 Business 2
Business 3
Finance
7.0
9.0
9.0
10.0
Cosmetics
6.0
9.0
5.0
7.0
Movies & TV
5.0
5.0
5.0
6.0
Training Set

7.1

Prediction on new businesses

Predictive performance also suffers when a model is used for prediction for unseen businesses within the same industry. Any model
trained on an industry-wide dataset normalizes the effect of individual features across individual businesses. In Figure 2, we show
the Hinton diagram of β values of a few significantly correlated
General Inquirer features for specific businesses within the Finance
industry as well as the industry overall. The area occupied by a
square is proportional to the magnitude of the coefficient, and the
color (green/red) indicates its sign (positive/negative). The variation in the values demonstrates the difference in the influence of
features between businesses. For instance, the Overstate category
has a large positive influence on the clickthrough rate for Business
B, however, employing an industry-wide model would predict a
decrease in clickthrough rate due to the normalization enforced in
generic models. While a business specific model will nearly always
perform better than an industry wide model, it is often not possible
to train a separate model for every business due to unavailability
of sufficient business specific data. Domain adaptive approaches
would allow a generic industry-level predictive model to make
better predictions for a business.

7.2

7.2.1 CORAL. CORAL minimizes the distance (using the Frobenius norm) between the covariance matrices of the source and
target features after the source domain is transformed [33].
min A | |C Ŝ − CT | | 2F

different copy-writing strategies. This Hinton diagram illustrates
the β values for three different businesses within Finance for a few
of the significant General Inquirer categories. The area occupied
by a square is proportional to a value’s magnitude, and the color
(green/red) indicates its sign (positive/negative).

(4)

2

= min A | |AT C S A − CT | | F

where C Sˆ is covariance of the transformed source features X S A,
CT is covariance of the target features, XT A, and ||.||F2 denotes the
squared matrix Frobenius norm. The transformed feature matrices
are computed in the following manner:
C S = cov(X S ) + diaд(size(X S ; 2))
CT = cov(XT ) + diaд(size(XT ; 2))
−1
2

(5)

1
2

A = X S × C S × CT
7.2.2 EasyAdapt. EasyAdapt is a supervised approach [7] to
transform the source feature space. Let X denote the original feature
e = R3F ,
space, X = RF . We construct an augmented feature space X
by creating an industry-generic, industry\{business} and businessspecific version of each feature in X . For this, we define Φind , Φbus :
e to transform feature vectors corresponding to the industryX −→ X
wide and business-specific subject lines respectively. The mappings
are defined by the following equation:
Φind (x) = x, x, 0 , Φbus (x) = x, 0, x

(6)

Here, 0 = 0, 0, ..., 0 ∈
is the zero vector. Intuitively, the
above transformation ensures that the model acknowledges that
the same feature can have different effect on the clickthrough rate
(characterized by the β values in linear regression) for different
businesses.
RF

7.3

Figure 2: Different businesses in the same industry also pursue

Domain–adaptation Methods

In the rest of this paper, we test two standard domain adaptation
techniques for clickthrough rate prediction for unseen businesses
within a particular industry domain. The first approach, Correlation
Alignment (CORAL) [33], is an unsupervised approach which was
developed for visual domain adaptation. The second approach, Easy
Adapt [7], is a supervised approach that uses labeled data from both
the source and the target to retrain a model.

Predictive Performance after Domain
Adaptation

We train a regression model between the augmented feature space
described above and the clickthrough rates per subject line. We
use a corpora of 9 businesses across the three industries as the
target domain set and report results from a 5–fold cross validation,
comparing the MAEs and Root Mean Square Errors (RMSEs) obtained after domain adaptation, against the pre-domain adaptation
condition: the best-performing predictive model (trained on the
General Inquirer + n-grams features). Table 6 provides a summary
of the domain adaptation results. CORAL models, being unsupervised, offers modest improvements over the pre-domain adapted
models; on the other hand, supervised EasyAdapt models markedly
outperform either of the previous models, with an average decrease
of 16.52% in the RMSE and 19.2% in the MAE and offer significant
improvements over the pre-domain adaptation condition for Finance and Cosmetics businesses. It should be kept in mind that the

clickthrough rates of 95% of all emails lie within a 10% margin of
error from the mean. This implies that even a 1% drop in MAE after
Domain Adaptation is actually an appreciable improvement.
Table 6: Domain Adaptation results per industry, using three businesses each as unseen data. ∗∗ indicate that the model significantly
improved over the pre-domain adaptation conditions in a two-tailed
t-test, p < 0.01.

Training Set
N1
N2
#(ind) #(bus)
5313
432
6059
707
6881
296
Training Set
N1
N2
#(ind) #(bus)
991
360
1514
98
1644
33
Training Set
N1
N2
#(ind) #(bus)
2057
227
2412
40
2057
166

Test
Set
M
1728
707
296
Test
Set
M

Finance
Pre-Domain
Adaptation
RMSE

MAE

CORAL
MAE

RMSE

MAE

6.6
4.8
7.4
8.9∗∗ 6.8∗∗
9.2
9.0∗∗
7.0
Cosmetics
Pre-Domain
Adaptation
CORAL

7.6∗∗

4.6∗∗
6.2∗∗
6.7∗∗

8.0∗∗

9.7
9.8
10.7

RMSE

RMSE

MAE

RMSE

MAE

360
99
34

9.7
7.4
9.2
7.0
5.0
3.7
4.5
3.5
6.7
5.3
6.5
5.2
Movies and Television
Pre-Domain
Test
Set
CORAL
Adaptation
M
228
160
389

EasyAdapt

RMSE
5.6
3.6
6.1

MAE
4.8
2.9
5.1

RMSE
5.5
3.5
6.0

8.3∗∗
8.3∗∗

EasyAdapt
RMSE

MAE

8.9∗∗
3.3∗∗
6.2∗∗

6.7∗∗
2.7∗∗
4.7∗∗

EasyAdapt
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DISCUSSION AND CONCLUSION

Our paper presents the first multi-domain study treating language
use in subject lines as a factor for inferring the clickthrough rate of
promotional emails. We have framed prediction as a linear regression problem. Our results highlight the advantages of data-driven
topic modeling in short text corpora. We also use language insights
to distinguish the successful copywriting strategies in different
domains and highlight the need for domain adaptation in language
modeling for this problem. We implement a supervised and an unsupervised domain adaptation approach involving feature space
transformations for incorporating out-of-domain data points. Not
surprisingly, the supervised domain adaptation approach performs
better than the unsupervised approach and considerably improves
clickthrough rate prediction for unseen businesses by an average
of 19%. The domain adaptation techniques ensure that the model
learns a positive β value for the Individuals feature, by using the
same industry-wide dataset. This explains how a domain adaptive
approach allows a predictive model to better emulate a business’
data, thereby improving its prediction accuracy for subject line
clickthroughs.
In future work, we plan to apply our findings in generative
models for email subject line and news headline recommendations.
Our results also suggest that language modeling is useful other
downstream applications in the area of marketing.

MAE

RMSE

MAE
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