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ABSTRACT
Headlines play an important role in both news audiences’ atten-
tion decisions online and in news organizations’ efforts to attract
that attention. A large body of research focuses on developing
generally applicable heuristics for more effective headline writing.
In this work, we measure the importance of a number of theoret-
ically motivated textual features to headline performance. Using a
corpus of hundreds of thousands of headline A/B tests run by
hundreds of news publishers, we develop and evaluate a
machine-learned model to predict headline testing outcomes. We
find that the model exhibits modest performance above baseline
and further estimate an empirical upper bound for such content-
based prediction in this domain, indicating an important role for
non-content-based factors in test outcomes. Together, these
results suggest that any particular headline writing approach has
only a marginal impact, and that understanding reader behavior
and headline context are key to predicting news atten-
tion decisions.
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Introduction

Newsrooms increasingly optimize their output for audience attention in both coverage
areas and presentation (Anderson 2011; F€urst 2020; Petre 2015) hoping to ensure their
viability in an attention-dependent digital media marketplace (Webster 2016). But it’s
hard to judge how much a news producer’s decisions actually matter in attracting
audience attention. To be sure, news audiences are influenced by the articles, modes
of presentation, and writing styles that news organizations employ (Jungherr,
Posegga, and An 2019; Kuiken et al. 2017). However, readers also rely on their per-
sonal preferences and backgrounds when composing their news diets (Garrett and
Stroud 2014; Lamberson and Soroka 2018). The interactions between these influences
are difficult to untangle (Kessler and Engelmann 2019).
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One focus of audience-facing optimization is the headline, the first (and often only)
piece of text a reader might see from a news article. Headlines must summarize
articles’ contents and entice readers to click; a goal of headline optimization is to
accomplish both with a concise and attractive writing style (Dor 2003). Many studies
have attempted to detail effective, attention-grabbing headline writing strategies (Kim
et al. 2016; Kuiken et al. 2017; Rayson 2017). A/B testing allows journalists and editors
to write multiple variations of an article’s headline, display those variations to different
members of the audience, then select the best-performing version (Hagar and
Diakopoulos 2019).

Many of these efforts stop short of addressing broader questions about how news
attention works online. By considering headline writing in isolation, they tend to over-
look the role of audience preferences, attitudes, and habits (Kormelink and Meijer
2018). Predicting the performance of any piece of digital content solely based on its
composition is a known challenge, in tension with the idea that general heuristics for
headline writing can consistently improve performance (Arapakis, Cambazoglu, and
Lalmas 2017; Martin et al. 2016).

This work interrogates the relationship between headline writing style, audience
factors, and performance. We focus on headlines that appear on news publisher home
and section pages, in the context of A/B tests, using a large-scale, real-world dataset.
First, we examine the extent to which a headline’s textual features can predict its per-
formance. Second, within those bounds of predictability, we demonstrate the relative
contribution of content-based features to headline performance.

Our predictive model achieves modest success relative to our baselines while also
demonstrating limits to content-based prediction. To further analyze the importance
of writing style, we draw from a comprehensive range of theoretically and empirically
motivated textual features. We show that, while several features’ outcomes agree dir-
ectionally with prior work, associations between feature usage and headline perform-
ance are weak overall. These findings suggest areas outside of a headline’s
composition, such as audience behavior and preferences, may warrant further study in
understanding and predicting headline performance.

Background

In this section we consider related work on news audience attention and its relation
to headlines. We also introduce background on the predictive approach we take in
modeling that attention.

Audience Attention and Headlines

Perceptions, preferences, and beliefs shape what news sources a reader might seek
out. Similarly, partisan preferences and attitudes toward news organizations impact
what kinds of sources readers get exposed to (Flaxman, Goel, and Rao 2016; Kessler
and Engelmann 2019). A reader’s familiarity with a piece of news, and their interest in
that news, can affect the extent to which it draws their attention (Lamberson and
Soroka 2018). In addition, readers approach news with ingrained habits and routines
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of consumption (Makhortykh et al. 2020). Individual preconceptions—attitudes and
behaviors that are difficult for a news organization to alter—play a significant role in
news attention decisions.

Journalists and editors pay special attention to writing effective headlines. In print,
an effective headline summarizes or highlights an article’s most interesting points
(Ifantidou 2009). Digital headlines tend to prioritize drawing in an audience from
across distribution platforms, since news organizations often depend on reader clicks
for ad revenue and as the wide end of the funnel to subsequent subscription revenue
(Anderson 2011; Petre 2015). That shift conflates what headline writers consider
“good”—a value judgment traditionally based on professional standards of craft and
ethics—and what gets clicked on the most, as seen in practices of algorithmically opti-
mized content distribution such as headline A/B testing (Diakopoulos 2019; Hagar and
Diakopoulos 2019; Ross 2017).

Rather than cultivating independent, editorial judgment, journalists may shift focus
toward what the audience demands (Klinenberg 2005; Ross 2017). They in turn may
place a greater emphasis on the kinds of coverage (e.g., soft news) and news values
(e.g., proximity) that online audiences consider newsworthy (Trilling, Tolochko, and
Burscher 2017). In terms of headline optimization, this can result in clickbait, which
attempts to generate curiosity by implicitly referencing material in the article without
revealing its details (Blom and Hansen 2015). These changes represent a shift in the
specific qualities practitioners uphold as best practices in headline writing.

Using the direct measurement of audience response made possible by testing and
other analytics tools, researchers and practitioners can more precisely evaluate the
performance impact of writing strategies. We take this evaluation a step further by
predicting headlines’ performance from their contents, providing a view of how
broadly writing approaches relate to the attraction and optimization of audi-
ence attention.

Headline Performance: From Explanation to Prediction

Using audience data, prior research has examined the effects of specific linguistic fea-
tures on headline performance. Kuiken et al. (2017) measured headlines’ click through
rates in email newsletters and found a variety of textual features with a positive
impact on headline performance, including average word length, lack of interrogatives,
absence of quotes, use of personal or possessive pronouns, and presence of sentimen-
tal words. Industry researchers studied the performance of 100 million headlines on
Facebook, albeit not all from news publishers, to extract specific phrases and emotions
that elicited strong engagement (Rayson 2017). Kim et al. (2016) used news article
click through rates from the Yahoo! homepage to evaluate the performance impact of
various words and parts of speech. Much of this prior work operates through an
explanatory lens: Using interpretable statistical approaches, studies attempt to demon-
strate the extent to which proposed mechanisms are plausible drivers of headline suc-
cess. In contrast, our research adopts a predictive approach, oriented toward
developing models to predict unknown outcomes from previous observations.
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Predictive modeling is complementary to more explanatory empirical work. First,
predictive models help uncover new phenomena of interest. By identifying predictors
that improve explanatory models, a predictive lens can enhance our empirical under-
standing of certain outcomes (Hindman 2015; Shmueli 2010). Second, prediction helps
to establish the limits of what we might hope to understand about a phenomenon.
As Tetlock and Gardner (2015) point out, knowing the limits of an outcome’s predict-
ability is itself valuable, in that it provides vital context to any accuracy measurements.
Shmueli (2010) reinforces this notion, arguing that predictive models can help estab-
lish benchmarks for an outcome’s potential explainability. Finally, predictive models
help gauge the distance between theory and practice, testing how well proposed the-
oretical mechanisms apply in a given practical context (Shmueli 2010). As we elaborate
further below, the features that we operationalize to support our predictive model are
theoretically motivated, and the usefulness of those features in the model help to
establish the external validity of those theoretical ideas in the specific context of news
headline performance (Margolin 2019).

Predicting performance outcomes based on content alone is a known challenge. In
many cases, predictive models require some early performance data from which to
extrapolate (Szabo and Huberman 2010). Other factors, such as social influence on
digital platforms, have been shown to affect performance outcomes more than con-
tent itself (Salganik, Dodds, and Watts 2006). This prediction difficulty also holds true
for news headlines (Arapakis, Cambazoglu, and Lalmas 2017). Applying a predictive
lens to any content-based performance outcome should seek to establish bounds on
predictability. Our work addresses the following questions:

RQ1: To what extent can the text of a headline predict its performance?

RQ2: What is the relative importance of various content-based features to headline
performance?

Data

Our data come from Chartbeat, a company that provides analytics services to digital
publishers. This includes their Engaged Headline Testing system, which experimentally
compares multiple versions of an article’s headline to determine which is most effect-
ive at attracting readers. In a headline test, the system presents different readers with
different headline variants for the same article and measures how many people click
on each variant. As differences in performance emerge across variants, the system
shows higher-performing variants to a larger portion of the site’s audience.1 Once the
system is confident of a statistically significant difference in performance across var-
iants, it marks a test as “converged” (described in more detail below).2

For each test, these data contain the text of the headline variants, each variant’s
associated performance in terms of clicks and impressions, and metadata about when
and on which page a test was run. All tests in our sample take place on the home-
pages or section pages of news sites. The dataset represents direct comparisons of
headline constructions, with real readers, across many news sites of different sizes and
types. Because each headline variant is only compared to other variants within its test,
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and each test corresponds to one article, these data are well-suited for isolating the
way a headline is written from the contents of its corresponding article.

Data Filtering

The complete Chartbeat dataset represents 1,023,996 A/B headline tests with 2,662,572
headline variants, run across 1,314 web domains between April 1, 2015, and April 30,
2020. To limit our analysis to tests with clear results and clean data, we first filtered
out certain classes of tests. Since the statistical models used in our natural language
processing pipeline were trained on English corpora, we filtered out any tests with a
headline not written in English. We did this by first removing all headline tests run on
domains that were manually determined to publish articles in a language other than
English, then by removing tests with at least one variant tagged as consisting of more
than 20% non-English words. Next, we excluded any anomalous tests with a headline
that had zero clicks recorded. In addition, we removed any tests for which the system
did not reach statistical confidence about the winning variant3, including those that
were prematurely canceled by a user. Since publishers can run A/B tests on non-head-
line text (e.g. section tags or sub-headlines) we manually analyzed a random sample
of 300 variants in our dataset, ranging from one to 48 words long. We found that
most headlines fell between three and 30 words and excluded any test with a variant
outside that range. This filtering pipeline retained 140,918 A/B headline tests and
334,976 headline variants across 293 domains.

Deriving Performance Metrics

To measure headline performance, we use a normalized version of click through rate,
which we call lift. To calculate lift, we first computed the raw click through rate (CTR)
for each variant by dividing its total clicks by its impressions. Then, for each headline
test, we took the mean CTR across variants and divided each variant’s CTR by that
average. The resulting metric represents a variant’s lift relative to the test average.
Normalization is necessary because headline tests occurred at different times, in differ-
ent places on the homepage, and across different domains, making direct comparisons
of raw CTRs across tests uninformative.

To illustrate, consider a headline test with three variants whose raw CTRs are 0.02,
0.06, and 0.04 clicks per impression. To calculate lifts, we divide each variant CTR by
the test’s mean CTR value (0.04), giving lifts of 0.5, 1.5, and 1.0, respectively.

Descriptive Analysis

The distribution of test counts across domains is heavily skewed. Most domains con-
duct a small number of tests (median ¼ 19), while a couple outliers conduct tens of
thousands. This disparity results from variance in content volume and resources avail-
able for testing (Hagar and Diakopoulos 2019), as well as differences in when domains
first began testing.
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Table 1 shows the distribution of the number of headline variants considered in
each test. Most tests contain two variants, and very few have more than six.

Figure 1 shows the distribution of lift for winning variants. The median lift for win-
ners was 1.23, indicating that the median winning variant garnered a 23% higher CTR
in comparison to the average CTR of the test. Some variants perform far better, with
0.5% of winning headlines showing a lift greater than 2.

Methods

Our analysis uses predictive modeling to understand how headline writing impacts
performance. Our processing pipeline operationalizes key features, trains models, and
interprets their predictions. To better contextualize our model’s performance, we also
empirically estimated the upper limit of predictability within our sample.

Feature Engineering

To capture nuanced aspects of headline linguistics and semantics, we leveraged text-
ual features motivated by prior research and theory across four categories: linguistic
construction, news values, individual tokens, and semantic embeddings. We also

Figure 1. Distribution of lift for winning headlines indicating skew with concentration just above
1, a median lift of 1.23, and a long tail.

Table 1. Count and percentage of tests by number
of variants tested. 2-variant tests are most common,
and almost all tests have fewer than six variants.
Number of variants Test count (% of total)

2 103,659 (73.6%)
3 25,578 (18.2%)
4 8,714 (6.2%)
5 2,122 (1.5%)
6þ 845 (0.6%)
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incorporated contextual features about each headline test. Table 2 contains the full
list of individual features and the source of each computed operationalization.

Linguistics

Linguistic features convey the syntactical components of headlines, including parts of
speech and named entities. We also calculated the fraction of a headline made up by
stop words (e.g., “the”, “of”, etc.), whether a headline contains a question mark, and
each headline’s reading level and length. These features are the basis for several prior
empirical studies of headline writing styles (di Buono et al. 2017; Dor 2003; Kuiken et
al. 2017).

To identify part of speech types, named entity types (e.g., people and places), and
stop words within headlines, we used spaCy, a state-of-the-art software package for
Natural Language Processing (NLP) (Honnibal et al. 2020).4 We indicate whether each
part of speech or entity is present in a headline with a binary variable.

To determine a headline’s reading level, we calculated its Flesch reading ease score
(England, Thomas, and Paterson 1953). Our remaining features—word count, character
count, mean word length, and the presence of a question mark—used simple tallies
or character searches.

News Values

News values capture theoretical dimensions of how journalists determine and commu-
nicate an article’s newsworthiness (Harcup and O’Neill 2017). While there is not a uni-
versal set of news values across the literature, several qualities (e.g., surprise, conflict,
proximity, sentiment) are common (Harcup and O’Neill 2017; Karnowski et al. 2021;
Kessler and Engelmann 2019; Parks 2019). Many of these concepts also appear in prior

Table 2. Features and their sources, categories, and number of dimensions.
Feature Source Category # Dimensions

Part of speech spaCy part of speech labels Linguistics 50
Named entity type spaCy entity labels Linguistics 18
Word count spaCy token count Linguistics 1
Character count String length Linguistics 1
Mean word length Character count / token count Linguistics 1
Fraction of stop words spaCy stop word labels Linguistics 1
Reading level Flesch reading ease score Linguistics 1
Contains question mark Pattern matching Linguistics 1
Contains name spaCy entity labels News values 1
Contains A/V term Pattern matching: custom A/V dictionary and

LIWC perception dictionary
News values 1

Contains location term spaCy entity labels News values 1
Contains magnitude term spaCy entity labels News values 1
Contains shareability term Pattern matching: custom shareability dictionary News values 1
Surprise Empath dictionary cosine similarity News values 1
Conflict Empath dictionary cosine similarity News values 1
Sentiment VADER dictionary News values 1
Lemmas spaCy tokenization Tokens 825
Semantic embeddings spaCy large model pre-trained embeddings Semantic embeddings 300
Datetime Test metadata Context 5
Domain Test metadata Context 1
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empirical evaluations of headline performance (Belyaeva et al. 2018; di Buono et al.
2017). Several of our news value operationalizations rely on dictionary approaches. To
combat known issues with off-the-shelf language analysis dictionaries (Boukes et al.
2020), we select or create dictionaries specific to particular news values wher-
ever possible.

Studies of news values often involve qualitative and contextual examination of head-
lines and articles (Harcup and O’Neill 2017). Not all news values transfer well to a quanti-
tative approach because they may require more nuanced examination (e.g.,
entertainment or topic familiarity—Trilling, Tolochko, and Burscher 2017). Some concern
other article elements—such as body text or accompanying visuals—placing them out-
side the scope of our inquiry. In our analysis, we selected a subset of news values that
could be operationalized from headline text: sentiment, reference to the power elite,
magnitude, proximity, surprise, conflict, audio/visual signifiers, and shareability.

We calculated headline sentiment using a crowdsourced lexicon of sentiment inten-
sity and valence to score texts with a continuous negative-to-positive measure (Hutto
and Gilbert 2014). The approach is designed for short texts and performs as well as or
better than comparable lexicons on benchmark evaluations.

To measure references to power elites, we determined the presence of person enti-
ties, as labeled by spaCy. Some prior approaches assess the prominence of an identi-
fied individual, by measuring traffic to their Wikipedia page, for example (Arapakis,
Cambazoglu, and Lalmas 2017). But because our sample contains a diverse range of
outlets, we cannot rely on a single measure of prominence to assess a name’s news-
worthiness. Instead, we assert that any name included in a news headline carries
weight for its intended audience based on the journalist’s editorial judgement of
importance and familiarity of the name to their audience. We also use spaCy to evalu-
ate magnitude, which captures the scope and scale of a story. We identify this from
the presence of comparative/superlative adjectives and adverbs, as well as numerical
entities (e.g., percentages, ordinal numbers, and counts).

To get at the idea of proximity, we identified headlines with a location from the
presence of spaCy’s geographic entity labels. Other measures could record the dis-
tance between a place and a news organization, to quantify geographic proximity.
However, many dimensions of proximal salience (e.g., culture or topical interests) are
not captured by distance (Hagar et al. 2020; McCombs and Winter 1981). Even in the
strictest geographic sense, physical proximity to an (inter)national news organization
tells us little about a location’s relevance to news audiences. As such, we eschew geo-
graphic proximity in favor of treating any named location as salient to a headline’s
intended audience. The presence of a location in a headline allows readers to make
their own assessment of proximity, which may influence behaviors in a way that leads
to patterns we can infer from the data.

Surprise and conflict were both calculated from dictionary expansion, a widely used
approach to making lexicons more comprehensive (Gentile et al. 2019). We started
with a list of synonyms for “surprise” and “conflict”, drawn from Merriam-Webster. We
then used Empath, a neural network-based lexical tool, to identify larger groups of
related words based on these synonyms (Fast, Chen, and Bernstein 2016). Finally, we
calculated headline-level scores for both surprise and conflict based on these
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expanded dictionaries. To do so, we relied on semantic embeddings, numerical vector
representations of words described in more detail below. We use the embeddings
from spaCy for each token in the headline and in the dictionary. We then measured
the pairwise cosine similarity between every headline token embedding and dictionary
token embedding, taking the maximum value of those similarities as the score. This
value conveys the extent to which a headline aligns with terms that express surprise
or conflict, and it helps to mitigate sparsity issues that might arise from attempting to
directly match words in the dictionaries.

Audio/visual signifiers were drawn from the “perception” (273 words) and “see” (72
words) LIWC dictionary categories (Tausczik and Pennebaker 2010). We also aug-
mented these categories with a manually curated list of A/V terms. For shareability,
we created a binary indicator for whether the headline contained any matches to a
series of phrases identified by industry research on social media shareability (Rayson
2017). Full word lists for our surprise, conflict, A/V, and shareability dictionaries can be
found in the Supplemental Materials.

Tokens

Tokens refer to the individual words that appear within headlines. They allowed us to
make finer-grained distinctions among categories—not just whether a headline has a
name, for example, but which name. While this level of detail is often difficult to gen-
eralize, past research provides support for examining tokens when predicting headline
performance (Kim et al. 2016).

We extracted the set of all lemmas from the headlines in our sample using spaCy.
Whereas tokens may differ in conjugation or declension (e.g., “run” versus “running”),
lemmatization normalizes tokens to their root form. We selected lemmas that were
used 100 times or more, and that had a significant (p< 0.05) Pearson correlation to
lift. For each of the remaining 825 lemmas, we created a binary variable indicating
whether it appeared in each headline.

Semantic Embeddings

Word embeddings encode and make comparable the semantics of a text by representing
word contexts as dense numerical vectors (Lau and Baldwin 2016). As the product of deep
learning models, the individual dimensions of these embedding vectors do not carry inher-
ent conceptual meaning (Shin, Madotto, and Fung 2018). However, word embeddings have
proven valuable in headline performance prediction (Lamprinidis, Hardt, and Hovy 2018).

We used the built in pre-trained semantic embeddings from spaCy’s large English
model (version 2.2.5). These embeddings contain 300 dimensions and were trained on
English language text from the OntoNotes 5.0 and GloVe Common Crawl corpora.5 For
each headline, we computed the average embedding vector across all tokens.
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Context

Because headline tests occur on dynamic homepages across websites, we also repre-
sented broader contextual features that may be relevant to headline performance. We
included the (ordinal-encoded) domain as well as the date and time (as year, month,
day, day of week, and hour) as additional features.

Modeling

To assess our selected features’ ability to predict headline performance, we trained a ran-
dom forest regressor on a random sample of 75% of our filtered sample, then evaluated
it on the remaining 25% using scikit-learn (Pedregosa et al. 2011). Random forests allow
us to model potentially complex interactions between features, including non-linear rela-
tionships (Hastie, Tibshirani, and Friedman 2009). They also effectively incorporate the mix
of continuous, binary, and categorical variables that we utilize, without a need for feature
normalization. Finally, random forest models are highly interpretable, providing straightfor-
ward measures for the relative importance of each feature in prediction outcomes
(Breiman 2001). We compared both standard random forests and gradient boosted trees,
and found slightly better performance with the former, which we report here.

We trained a regression model to predict lift at the headline level, then transformed
those predictions into test-level ranks (i.e., ranking all variants in a test by predicted
performance). We then measured how often the model correctly picked the test win-
ner (precision@1). This approach is analogous to widely used learning-to-rank frame-
works (Tatar et al. 2014).

To optimize our model, we ran a grid search over relevant parameters. We varied
the number of estimators (50, 100, and 200), minimum samples required to split a
node (2, 100, 200, and 400), minimum samples required for a leaf (100, 200, and 400),
and the maximum features considered by the model when splitting (square root of
total features versus log base two of total features). Our optimal model contained 200
estimators, with split and leaf minimums of 100, and considered log base two number
of features when splitting. We also ran 3-fold recursive feature elimination with cross-
validation to refine the model’s features. Recursive feature elimination removes fea-
tures one at a time, then evaluates the model’s performance on a held-out sample
without each feature. It then evaluates each feature’s utility to the model (See Table 3
for information on which features were retained in the final model).

Table 3. Number of features retained by category, as well as aggregate feature importance, and
some of the specific features retained.

Feature type
Number retained (% of

that type)
Total

permutation importance Features retained

Linguistic 3 (4%) 0.009 Average word length,
Number of characters,
Fraction stop words

News values 3 (38%) 0.010 Surprise,
Conflict, Sentiment

Tokens 2 (0.2%) 0.011 “Here”, “This”
Semantic embeddings 127 (42%) 0.338 (see text)
Context 1 (17%) 0.001 Domain
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Feature Interpretation

We calculated permutation importance to rank the relative contribution of each fea-
ture to overall model performance. This approach generates comparable importance
metrics that do not depend on the scale or variance of features (Breiman 2001). To
examine the relationship between features and performance directly, we also calcu-
lated the Spearman correlation between each feature and lift.

Estimated Prediction Ceiling

Content-based performance prediction is a known challenge, because of inconsisten-
cies in audience attention (Arapakis, Cambazoglu, and Lalmas 2017). This inconsistency
is driven by factors that cannot be observed through content alone, such as social
influence within groups or selective attention heuristics (Salganik, Dodds, and Watts
2006; Zillmann et al. 2004). Because of these difficulties, it is unreasonable to assume
that our model’s performance would reflect a hard upper bound on predictability. To
estimate a more reasonable prediction ceiling, we instead examined the consistency
of 4,698 repeated tests within our sample. In these cases, multiple tests were run with
the exact same set of headline variants, and at least one test reached hard conver-
gence. Repeat tests may occur because of a user’s desire to validate test results. In
some cases, tests occurred across multiple domains within the same organization (e.g.,
networks of local news sites). Because these tests varied along unobserved dimen-
sions, we used them to gauge the impact of outside factors on our model’s perform-
ance. We define the replication rate as the number of repeat test cases that always
result in the same winner divided by the total number of repeat tests. The replication
rate acts as a rough upper bound for the predictability of headline tests given vari-
ance in non-content-related factors. This straightforward calculation is not dependent
on our feature engineering or modeling steps, allowing us to establish an estimated
prediction ceiling independent of our model’s performance.

Results

Content-Based Predictability

We addressed RQ1 (To what extent can a headline’s written content predict its perform-
ance?) in two parts. First, we evaluated our model’s ability to predict headline test out-
comes. We measured our model performance using the precision@1 score, which
indicates how often the model correctly identifies a test’s winning variant. We focus on
tests with 2–4 variants in our reporting, since they make up 98% of our sample. Our
model’s overall precision@1 score was 0.566. That score ranges from 0.4 (for 4-variant
tests) to 0.47 (for 3-variant tests) to 0.61 (for 2-variant tests). In all cases, our model out-
performed the test-level random baseline—calculated as one divided by the number of
variants in a test—by at least 0.11. This performance suggests that it’s possible to get
some predictive power out of content-based features in this context. Headline writing
style at some level does matter and can make the difference between a winning and los-
ing headline. But predictability based on content alone also has clear limits.
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We then examined these limits more closely by calculating a rough upper bound to
predictability based on content alone. As described in our Methods section (“Estimated
Prediction Ceiling”), we observed the outcomes of repeated tests and computed their
replication rate. Values range from 56.4% (for 4-variant tests) to 59.0% (for 3-variant
tests) to 74.0% (for 2-variant tests). Figure 2 shows these replication rates (black dashes)
against our model’s performance. To further validate these estimates, we calculated our
model’s precision@1 score for only repeat tests. Our model performed within or slightly
above the confidence intervals suggested by these replication measurements. The
model can exceed this content ceiling because of the contextual information provided
by the domain feature, allowing it to account for site-level differences.

These results help establish an estimate of the predictive power of a headline’s
textual features. While our model achieved modest performance, A/B test outcomes
are clearly influenced by factors outside of how a headline is written. Even tests with
identical variants change winners anywhere from 26% to 43.6% of the time, pointing
to the important role of audience behaviors and preferences as well as other context-
ual factors in determining test outcomes.

The Impact of Textual Features

We next examined this predictive model in more detail, scrutinizing the impact of indi-
vidual textual features in response to RQ2 (What is the relative importance of various

Figure 2. Model performance, compared to random baseline performance and our empirically esti-
mated prediction ceiling. Our overall model performs about halfway between the baselines, while
the repeat-only model meets or exceeds the content-only ceiling estimate.
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content-based features to headline performance?). We found only marginal import-
ance for any content features. Out of 1,212 features, recursive feature elimination
retained 136 (11.2%). By the nature of our chosen model, these results reflect not just
the effect of features in isolation, but also their impact relative to every other feature.
Valuable features in this context provide information not already captured by other
features, allowing us to compare utility to the model across feature categories (Table
3). The linguistic and lemma features fail to provide the model with much useful infor-
mation beyond what other features offer. In aggregate, the linguistic, news value, and
lemma features had comparable value to the model. By far, the most informative cat-
egory seems to be semantic embeddings. Table 4 contains the Spearman correlation
between each (non-embedding) feature and lift. All correlations are statistically signifi-
cant (p< 0.01) except for that of the conflict score (p¼ 0.13). To further unpack the
top-level statistics, we next detail the implications of the features chosen within each
of our four categories.

Linguistics

Three linguistics features appear in the final model. Contrary to past work, we find
that parts of speech and named entities do not impact headline performance in a way
that our model can distinguish (Kim et al. 2016; Kuiken et al. 2017). The remaining fea-
tures’ correlations suggest that simpler, less information-dense headlines perform bet-
ter. Headlines with more stop words correlate with higher performance. As explored in
Blom and Hansen (2015), clickbait acts as a forward reference. More stop words mean
less substantive information, suggesting that the key content of the article may not be
reflected in the headline. The importance of short headlines and shorter words also
reflects the findings of Dor (2003).

News Values

The news values features selected by the model—surprise, conflict, and sentiment—
focus on headlines’ affect. We find a positive association between negative headlines
and better performance. These results are in line with evidence of a tendency for peo-
ple to react more strongly to negative than positive news (Soroka, Fournier, and Nir
2019). While other studies have found that news shareworthiness is predicted more by
headline positivity (Berger and Milkman 2012; Trilling, Tolochko, and Burscher 2017),

Table 4. Feature (Spearman) correlations with lift, as well as permutation importances. All correla-
tions are statistically significant (�p< 0.01), except for the conflict score.
Feature Spearman correlation Permutation importance

Average word length �0.026� 0.004
Number of characters �0.020� 0.003
Fraction of stop words 0.034� 0.003
Surprise 0.042� 0.005
Conflict �0.003 0.004
Sentiment �0.028� 0.001
“Here” (lemma) 0.045� 0.004
“This” (lemma) 0.052� 0.006
Domain – 0.001
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users may have a different motivation for reading than for sharing an article. Conflict
scores have a non-significant negative correlation with performance, while surprise
scores have a more substantial positive correlation. The lack of a performance boost
from conflict-heavy headlines moderately aligns with past work. Trilling, Tolochko, and
Burscher (2017) find a statistically significant but minor increase in sharing for conflict-
heavy headlines, while Valenzuela, Pi~na, and Ram�ırez (2017) find that a conflict fram-
ing reduces the probability that an article will be shared. The news value of “surprise”
largely relates to an article’s unexpectedness or contrast (Harcup and O’Neill 2017;
Kessler and Engelmann 2019). These aspects of surprise are valuable in predicting test
outcomes and are correlated with increased headline performance.

Lemmas

Only two words provide the model with meaningful predictive information: “here” and
“this”. Both lemmas are integral to common headline formulations (e.g., "here’s why",
"this is how") that are often identified as clickbait (Rayson 2017). They also fulfill the
forward-referencing role of clickbait by guiding the reader to a promised piece of
information contained either later in the headline or in the text of the article (Blom
and Hansen 2015).

Context

As explored in Hagar and Diakopoulos (2019), organizations’ testing strategies depend
on their priorities, trust in the results of tests, and technical aptitude. Our domain vari-
able implicitly captures these organizational differences. It also acts as a proxy for
other variables, such as the size of the outlet, if the domain predominantly covers a
particular topic, and facets of behavior that may be specific to its audience. While the
domain feature is less important than most others (permutation importance ¼ 0.001),
its variation adds some site-level nuance to the model’s predictions.

Semantic Embeddings

Facilitating clear interpretation and additional theorizing with semantic embeddings is
an active area of research. Some extant approaches work to help understand entire
embeddings in a relative sense (Kenter and de Rijke 2015; Liu, White, and Dumais
2010), or transform pre-trained embeddings (Panigrahi, Simhadri, and Bhattacharyya
2019). However, we are unaware of methods that elucidate the semantics captured by
individual dimensions of pre-trained embedding vectors.

Instead of detailing the individual dimensions of our embedding features and their
potential interpretations, we emphasize the utility that the embeddings as a whole
provide in this prediction task. They comprise 93% of the features retained by the
model (127 of 136), more than any other feature category. They also have the highest
permutation importance of any category by far, at 0.338. Their prevalence relative to
other features may be a result of the level of granularity they encode. Linguistic cate-
gories, for example, tend to encode a relatively broad level of information—labeling a
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token as a proper noun provides some information about its contents, but elides
many details about linguistic context. Indeed, Dor (2003) makes the distinction
between including names and concepts with high news value (which help headline
performance) and those that have low news value (which hurt headline performance).
In contrast, embeddings can capture nuances related to word context and semantics,
which appear to carry the lion’s share of value for predicting headline performance.

Discussion

This work explores the intersection of headline writing and audience attention. By
examining the predictability of A/B headline tests, we develop ecologically valid
insights into how writing strategies impact readers’ propensity to click on articles.

We find that the predictability of headline performance based on content alone is
limited (RQ1). Even when tests contain identical headlines, their outcomes often
vary—up to 26% of the time for two-variant repeat tests. Our model draws some pre-
dictive power from textual features, but its performance is still hampered by our
inability to measure a headline’s context. Headline writing matters, but only to some
extent. As noted in past work, content-based prediction proves challenging (Arapakis,
Cambazoglu, and Lalmas 2017). There is a rich area of literature demonstrating the
non-content factors that impact news reader attention, encompassing theoretical
frameworks such as selective exposure, partisan preferences, and social influence
(Fischer et al. 2005; Iyengar and Hahn 2009; Lerman and Hogg 2010; Messing and
Westwood 2014; Zillmann et al. 2004). Journalists’ behaviors can also impact this pro-
cess, by dictating the type, frequency, and quality of tests they run (Hagar and
Diakopoulos 2019).

Our results suggest these external factors play into news audience decision making,
even at the micro level of evaluating headlines. They also demonstrate the dynamic
nature of news audience engagement. Just as news stories shift in salience depending
on the issues and events that are prominent at a given point in time, the writing strat-
egies journalists employ to attract audience attention must depend on context
(Waldherr 2014). Applying static writing strategies to the fluid nature of online pub-
lishing (e.g., across time, duration, position) disregards that situational nature. At least
some of a reader’s decision to click on a news story occurs outside of the moment of
exposure to a headline, requiring a contextual understanding of its presentation. To
better understand and predict the relationship between news exposure and engage-
ment, we need to incorporate a story’s broader circumstances more explicitly into the
study of its reception.

Most individual textual features do not substantially impact our model’s predictive
power (RQ2), though in aggregate the embedding features, which capture high-
dimensional linguistic semantics and context, carry the most predictive power. Many
features’ correlations with headline performance are directionally consistent with past
work, such as sentiment (Soroka, Fournier, and Nir 2019), conflict (Trilling, Tolochko,
and Burscher 2017), and surprise (Kessler and Engelmann 2019), but they are weak
across the board. Our examination of these features stems from work which theorizes
that linguistic and semantic formulations directly impact news engagement (e.g., Kim
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et al. 2016; Kuiken et al. 2017). However, given their limited impact, our results caution
against over-emphasizing written headline composition when considering the complex
factors influencing news attention decisions. While general trends might appear across
a large sample for certain features, they do not provide hard and fast rules for improv-
ing performance in specific cases. Past work has already established that click behavior
is a weak proxy for audience interest in a headline. Readers may click for reasons not
related to an article’s presentation, and not choosing to click does not equate to a
lack of interest (Kormelink and Meijer 2018). Our results reinforce this idea in an A/B
testing framework, suggesting a need for more nuanced approaches to testing.

Many newsrooms treat testing as an objective source of optimization data, with a
clear relationship between the writing strategies they test and readers’ click behavior
(Hagar and Diakopoulos 2019). This perception creates an opportunity for ineffective
headline writing approaches to gain prevalence, shaping news presentation through a
misinterpretation of audience preferences. Similar to the process of writing to an
imagined audience, journalists craft their headlines based on an imperfect approxima-
tion of reader preferences when relying on A/B test results (Coddington, Lewis, and
Belair-Gagnon 2021). Test results (and behavioral analytics more broadly) record data
at scale but fail to capture dimensions of audience engagement that are not easily
quantifiable (Steensen, Ferrer-Conill, and Peters 2020). These divergent shortcomings
complicate our picture of journalistic decision making. Prior work highlights the ten-
sion between journalists’ professional priorities and the demands of audience metrics
(Anderson 2011). Using the framework of the imagined audience, future research
should more broadly consider the constellation of audience feedback, as well as the
potential shortcomings of its collection or presentation, when evaluating journal-
ists’ decisions.

For practitioners, our results stress the importance of adopting A/B testing in news-
rooms. In our sample, the median test produces a 23% lift over the average variant
click-through rate (even when incorporating less clear-cut soft-converged tests, the
median test still generates a 19% lift). Without generalizable best practices for headline
writing, continuous testing is the most effective way to achieve this lift because it opti-
mizes the text in relation to specific (potentially unknown) audience and contextual fac-
tors. However, newsrooms and testing tool providers must also better communicate the
statistical uncertainty of test outcomes and emphasize their context specificity when
considering what generalizable lessons can be gleaned by running the tests.

In demonstrating the limitations of content-based prediction, this research suggests
a few key areas for future work. First, advances in computational linguistics may allow
for more sophisticated encoding of news values. Proximity and power elite could be
measured using outside resources (e.g., Arapakis, Cambazoglu, and Lalmas 2017) or
models trained via crowdsourced data. As additional signals of audiovisual elements,
the images accompanying stories and their contents could be incorporated. Finally,
analogous to the shareability measure used in Szymanski, Orellana-Rodriguez, and
Keane (2016), fine-tuned language models could provide more sensitive substitutes for
the dictionary approaches used to measure conflict and surprise.

Second, more advanced encoding and modeling approaches could improve predict-
ive performance. Given the relative importance of semantic embeddings to our model,
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more sophisticated embedding approaches (e.g., sentence embeddings generated by
a state-of-the-art model like BERT—Reimers and Gurevych 2019) might provide valu-
able information about a headline’s composition. As new methods arise to interpret
these semantic embeddings, we may be able to extract more actionable recommenda-
tions for practitioners from them (Panigrahi, Simhadri, and Bhattacharyya 2019). Given
neural networks’ dominance in natural language processing tasks, they may prove
more effective in predicting headline performance (Conneau et al. 2017).

A final area for future work is measuring audience characteristics and behaviors (at
the individual level or perhaps clustered into groups—see Makhortykh et al. 2020) and
studying how those characteristics interact with the outcomes of A/B headline tests.
By examining longitudinal preferences of users through their reading histories and
typical consumption patterns, future research might evaluate the consistency of their
responses over time to textual elements.

Limitations

This work is also subject to several important limitations that may affect the applicabil-
ity of our results. First, we only use one class of predictive models, on one subset of
data. Other modeling approaches, such as alternative families of regression models or
neural networks, may offer increased predictive performance. Our modeling task also
only considers hard-converged headline tests. Since soft-converged tests convey a
noisier performance signal, our model’s performance would likely decline in real-
world settings.

Second, we only consider one aspect of an article’s presentation. Headlines on a
news site homepage are a prominent driver of audience attention, but they are far
from the only one. An article might have several distinct headlines—on the home
page, the article itself, and social media, for example. While some features we identify
agree directionally with work on social media headlines, it is possible that the magni-
tude of their effectiveness varies depending on the source of an article’s readership. In
future work, cross-source comparison could help quantify the extent to which writing
strategy effectiveness varies across audiences.

Finally, our feature engineering approaches introduce several limitations. Because of
the scale of our sample, we may overlook words or phrases that are effective for par-
ticular audiences, but that our model would not register because of their global spars-
ity. In addition, several of our features are derived from dictionary-based approaches
and may therefore suffer from sparsity. So-called “off-the-shelf” dictionary approaches
have well-documented limitations (Boukes et al. 2020; Chan et al. 2021). While we
attempt to address them with task-specific dictionary selection, data augmentation,
and embeddings to reduce sparsity, our A/V operationalization may suffer from the
limitations of the LIWC dictionary. Our measurements of power elites and proximity
also rely on straightforward identification of named entities, potentially overlooking
distinctions within the classes of people and places identified. Finally, because we
focus on news values that can be measured quantitatively, we exclude a handful (e.g.,
entertainment/drama and relevance) that may influence headline performance (Harcup
and O’Neill 2017).
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Conclusions

This study presents a large-scale, ecologically valid study of A/B headline tests, chal-
lenging the link between headline writing and performance. While practitioners bene-
fit from ongoing A/B testing, our results suggest that they will struggle to obtain
generalizable best practices from test results. News audiences are dynamic, and cap-
turing their attention requires more than a staid approach to headline writing.
Headline testing, and audience metrics more generally, are only one channel of reader
feedback, one that needs proper contextualization and caveats. Equating tracking
audience behavior with knowing the audience encourages overreliance on incomplete
data, driving flawed approaches to news story presentation.

Notes

1. http://support.chartbeat.com/edu/headlinetesting/methodology.html
2. http://support.chartbeat.com/edu/headlinetesting/orientationguide.html
3. Chartbeat’s testing system distinguishes between hard convergence–in which the system is

95% confident that one headline is more successful–and soft convergence. In the latter
case, the system selects the variant which it is confident no other headline beats by more
than 25%. Because of this relaxed criterion for selecting a winner, soft-converged tests
convey a less certain and clear-cut signal of performance for predictive modeling and are
therefore excluded.

4. https://spacy.io/api/annotation
5. https://github.com/explosion/spacy-models/releases//tag/en_core_web_lg-2.2.5
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