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Abstract

In the present study, we analyzed a large corpus of English-language online media articles

covering genome-wide association studies (GWAS), exemplifying the use of computational

methods to study science communication in biological sciences. We analyzed trends in

media coverage, readability, themes, and mentions of ethical and social issues, in over

5,000 websites published from 2005 to 2018 from 3,555 GWAS publications on 1,943 differ-

ent traits, identified via GWAS Catalog using a text-mining approach to inform the discus-

sion about genetic literacy and media coverage. We found that 22.9% of GWAS papers

received media attention but most were described in language too complex to be under-

stood by the public. Ethical issues are rarely mentioned and mentions of translation are

increasing over time. We predicted media attention based on year of publication, number of

genetic associations identified, study sample size, and journal impact factor, using a regres-

sion model (r2 = 38.7%). We found that chronotype, educational attainment, alcohol and cof-

fee consumption, sexual orientation, tanning, and hair color received substantially more

attention than predicted by the regression model. We also evaluated the prevalence of the

clickbait “one gene, one disease” headlines (e.g., “Scientists Say They’ve Found Gene That

Causes Breast Cancer”) and found that it is declining. In sum, online media coverage of

GWAS should be more accessible, introduce more modern genetics terms, and when

appropriate, ELSI should be mentioned. Science communication research can benefit from

big data and text-mining techniques which allow us to study trends and changes in coverage

trends across thousands of media outlets. Results can be explored interactively in a website

we have built for this manuscript: https://jjmorosoli.shinyapps.io/newas/.

Introduction

Over the last few decades, online news and media have become the main source of scientific

information for many individuals and decision-makers [1, 2]. From university press releases

and in-depth journalistic articles on new scientific publications to BuzzFeed-style short pieces,

people have added the internet to their toolbox to better understand the world around them,
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pushing both science communicators and scientists to learn how to convey science outputs

across a variety of audiences effectively [3], which becomes especially relevant when it comes

to communicating findings with meaningful social implications that can potentially divide

public opinion, such as global warming, artificial intelligence or human genetics [4]. For these

and other reasons, the study of media coverage of science has become one of the central topics

for social scientists [5] and in recent years more and more studies evaluating the nuances of

scientific communication have been published [4, 6, 7].

Among the prerequisites for effective scientific communication is that the content is read-

able and understandable by the intended audience. Overuse of technical language or jargon,

and low readability are potential barriers to any kind of communication attempt. On the one

hand, readability refers to how easy to understand a text is, and it depends on the content,

style, design, and organization with prior knowledge, reading skill, interest, and motivation of

the intended audience [8], and it has traditionally been measured using readability formulas.
These formulas use vocabulary range and sentence length to predict text difficulty and estimate

the level of reading skill required to understand it [8]. On the other hand, jargon comprises

special words or expressions used by a profession or group that are difficult for others to

understand, and undermine efforts to inform and persuade the public [9, 10]. In addition, the

interpretation of information can also be influenced by the presence or absence of certain

words, phrases, or images in an article through a mechanism known as framing [2]. Effective

science communication also involves the use of framing in a way that overcomes audience

heuristics and personal motives that interfere with an accurate understanding of scientific

knowledge [11, 12], or in the case of genetics, prevent deterministic understanding of genetic

influence [13].

In the past, studies on media coverage of science have focused on printed media. Across sci-

entific disciplines, only 2.7% of 337 studies on media coverage of science between 1956 and

2009 analyzed Internet media [5]. To the best of our knowledge, no systematic review has been

conducted on this topic since 2010, but we expect this percentage to have increased over the

last decade, especially due to the increased availability of big data and computational methods

to analyze online media [14]. For example, recent publications have explored the relationship

between science communication and Reddit [15], Twitter [16], and YouTube [17], as well as

the relationship between press releases and news articles [18]. However, despite a growing

body of studies analyzing online media, the enormous amount of online content generated

daily still poses a challenge to most researchers who are interested in analyzing media coverage

of science [19]. Big data and computational methods facilitate this task by allowing researchers

to analyze large amounts of data in a time-efficient way, providing in some cases more general-

izable evidence relative to qualitative and small-scale quantitative studies while identifying

new trends and patterns and insights about the bigger picture [5, 20]. Some of the few applica-

tions of computational techniques for digital news outlets, such as text mining, include

COVID-19 vaccine coverage [21], understanding public health concerns [22] and identifying

the scientific topic areas most prevalent in mass media in general [23]. While the use of

computational methods in environmental communication has recently gained attention [14,

19], their use for the study of online mass media coverage of biological sciences in general, and

human genetics in particular, is rare [23].

Previous research on media coverage of human genetics has focused almost exclusively on

printed media and showed that in the past, the portrayal of genetics in the news has been sim-

plistic, it often disregarded failures to replicate findings, promoted the nature vs nurture

dichotomy, and ignored ethical challenges [24–27] despite concerns about the implications of

genetic findings (i.e., privacy, insurance coverage, and discrimination) being widespread [28],

while finding heterogeneous levels of genetic determinism [27, 29, 30]. Other barriers to
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effective science communication, such as readability or the use of jargon, have received little

attention. Moreover, after overcoming multiple of their initial limitations, genome-wide asso-

ciation studies (GWAS) have been able to provide meaningful insights into disease biology

and behavior and teach us about the effects of natural selection and adaptation, expose causal

relationships between risk factors and disease, help identify new drugs for common disorders,

produce polygenic scores currently undergoing clinical trials, and even complement social sci-

ence research [31]. GWAS and their applications are very likely to remain in the scientific

landscape for the foreseeable future and will likely continue to pose communication challenges

that need to be addressed. Therefore, in the present study, we analyzed a large corpus of

English-language online media articles covering GWAS, exemplifying the use of computa-

tional methods to study science communication in biological sciences [14, 19]. In particular,

we aimed to achieve the following objectives:

1. To analyze readability and use of jargon in media coverage of GWAS using text mining.

2. To evaluate the framing of genetic findings in the news by combining text mining with an

already-existent gene-related framing scheme.

3. To quantify mentions of ethical, legal, and social issues (ELSI) keywords.

4. To identify the most common topics in media coverage of GWAS using unsupervised topic

modeling.

Additionally, we also tested the claim that science journalism largely relies on measures of

relevance provided by science itself to choose which publications to cover [1] by predicting

media attention to GWAS based on the number of significant genetic associations reported,

year of publication, sample size, journal impact factor, etc.

Method

Identifying GWAS publications

We retrieved PubMed identifiers (PMIDs) and citation metadata from all GWAS publications

indexed by the NHGRI-EBI GWAS Catalog by 17 September 2018 [32]. GWAS Catalog identi-

fies eligible studies by literature search and assessed by in-house curators, who then extract the

reported trait, significant gene-trait associations, and sample metadata (e.g., sample size). Stud-

ies are included in the GWAS Catalog database within 1–2 months of publication, dependent

on the availability of literature, and the data is released on a weekly cycle. Eligible studies must

include a primary GWA analysis, defined as array-based genotyping covering variation across

the whole genome, the study was published in English, and the study includes new data.

GWAS Catalog was originally founded by the National Human Genome Research Institute

(USA) and is currently maintained by European Bioinformatics Institute. The reported trait of

each GWAS was manually classified into non-disease and disease traits using the International

Classification of Diseases 10th Revision (ICD-10) [33]. Disease traits were further classified

into each associated chapter of the ICD-10 (e.g., neoplasms, mental and behavioral disorders,

etc.). Our dataset included 3,555 unique PMIDs to GWAS publications on 1,943 different

traits.

Retrieving online mentions of scholarly articles

Online mentions of publications were identified via a research agreement with Altmetric [34].

Altmetric tracks online attention to research publications by automatically recognizing the use

of unique identifiers (e.g., PubMed ID, DOIs, ISBNs) in a wide range of online documents,
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including public policy documents, mainstream media, social media, blogs, patents and more.

Altmetric tracks mentions of papers in the news by (i) searching for a direct hyperlink to a

scholarly paper in the content of a news report, and (ii) searching the news report’s text for

mentions of the scholarly paper, journal, and author(s). We queried the Altmetric Explorer

API [34] by searching for mentions of the 3,555 unique PubMed IDs obtained from the

GWAS Catalog to identify news sites and blogs that had mentioned any of those GWAS publi-

cations. From Altmetric Explorer API we obtained a list of URLs to every news site and blog

that mentioned any PMID in our query, as well as metadata from the news site and blogs (i.e.,

date of publication, language, name of media outlet). We decided to use Altmetric as our data-

base for media attention because it has been shown to have better coverage of blogs, news, and

tweets, surpassing the other providers, among other advantages [35, 36].

Each URL was accessed and coded as ‘found’ or ‘not found’ and reasons were reported (see

S4 Table in S1 File). After excluding duplicated news sites and blogs, our text corpus consisted

of 5,505 English-language online news sites (see Fig 1 for more details and eligibility criteria).

Text in the online mentions was retrieved by hand, stored as a text file, and analyzed using

tidytext [37]. Data analysis was conducted in R-3.6.2 [38]. We built an interactive web app

using shiny in R [39] where more in-depth results and interactive visualization can be found

[40]. Potential bias selection bias was addressed by screening all GWAS publications available

to date, as well as all news sites collected by Altmetric by 17 September 2018. Details about the

GWAS publications and online references reviewed can be found in S1-S5 Tables in S1 File.

Original text files and descriptive statistics can be found in S1 Dataset. More details about

which sources are tracked by Altmetric can be found at https://www.altmetric.com/about-our-

data/our-sources/news/.

Fig 1. Online review flow diagram. Duplicated URLs refer to news sites and blogs that are linked to more than one GWAS

publication. In those cases, we only analyzed the website once. In the case of identical or almost identical websites (identical,

aggregated, or rephrased), we analyzed all entries.

https://doi.org/10.1371/journal.pone.0296323.g001
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Readability and use of jargon

To provide a baseline of language complexity of online media, we calculated four readability

indexes for each news site and blog: the Flesch Reading Ease score (FRES), Flesch-Kincaid

Grade Level (F-K), Gunning Fog Index (GFO), and Simple Measure of Gobbledygook

(SMOG). For a description of formulas, see Main results - Readability at https://jjmorosoli.

shinyapps.io/newas/. In short, GFI estimates the years of formal education a person needs to

understand the text on the first reading; SMOG estimates the years of education needed to

understand a piece of writing; higher FRES scores indicate material that is easier to read and

passages that are more difficult to read have lower scores; and F-K presents readability scores

as the US grade level required to understand the text and it can also be interpreted as the num-

ber of years of education generally required to understand a text. Finally, to estimate the preva-

lence of genetic jargon in media coverage of GWAS, we calculated how many of the terms

from the NHGRI Talking Genetics Glossary [41] were present in each article.

Framing of genetic findings

To identify the frames used in the news articles, we analyzed the use of key terms using an

adaption of the framework developed by Carver et al. [13] which classifies representations of

genetics across traits and time asmaterialistic, deterministic, relativistic, evolutionary, or sym-
bolic (see Box 1). In their framing scheme, Carver et al. provided a list of keywords and phrases

associated with each frame. For example, a deterministic frame is associated with titles such as

‘The gene for depression’ and keywords such as ‘cause’, ‘control’, ‘blame’ and ‘disease’. The

framing scheme developed by Carver and colleagues provides a transparent and straightfor-

ward way of classifying gene discourse. It can be applied to the analysis of any type of gene-

Box 1. Gene framing scheme, modified from Carver, Wiese [42].
Asterisks indicate that all derived words from that root word were
included. Note: symbolic and deterministic frames were corrected
for negation words (e.g., ‘not in your genes’ was not scored towards
a deterministic frame)

Gene frame Description Keywords and phrases

1. Materialistic A discrete physical unit Identif*, Locate, Isolate, Transfer, Specific, Replace, Inject,

Discover, Code.

2.

Deterministic

A definite causal agent Gene for, Cause, Control, Culprit, Disease-gene, Responsible

for, Wired in, Born with, Genes or environment, Down to our

gene*, Born this way.

3. Relativistic A predisposing factor Risk, Chance, Factor, Associated with, Susceptible to, Linked to,

Contribut*, Predispos*, Interfer*, Influence, Play a part in, Plays

a part in, Genes are involved.

4.

Evolutionary

A dynamic agent interacting

with the environment

Natural selection, Make copies, Replicate, Reproduc*, Through

generations, Adapt, Maladapt, Evol*, Relatedness, Conserv*,
Diversity, Development, DNA record, Gene bank, Marker,

Extinct, Change, Interact*, Complex, Dynamic, Capacity,

External influence, Environment, Depends on, In combination

with, Affected by, Expression, Triggered by, Prevent, Respond,

Turn on, Turn off.

5. Symbolic An abstract representation of

relationship

In the / my / your / their genes.

https://doi.org/10.1371/journal.pone.0296323.t001
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related communication (i.e., textbooks, classroom materials, governmental reports, or news

articles) and it forms a basis for quantitative analysis, allowing researchers “to identify the

‘gene profile’ of a particular newspaper”.

Carver et al., however, did not develop their framing scheme necessarily with text mining

in mind. Instead of manually coding the presence of gene frames in each news and blog arti-

cle–the methodology used by Carver et al in the first application of their gene-frame scheme

[30], we develop a novel algorithm to calculate the relative usage of each frame in any particu-

lar text. We estimated the relative usage of frames in an article by dividing the proportion of

key terms of a specific frame by the weighted sum of total key terms of all five frames (Box 1)

present in that article within an article using an equation developed by us, which calculates rel-

ative usage of frames in a text mining-friendly fashion (see Formula 1).

ni;j
mj

P5

j¼1

ni
mj

� 100 ð1Þ

Where n is the number of keywords of j frame (i.e., materialistic, deterministic, relativistic,

evolutionary, or symbolic) present in a given news article i, andm is the maximum possible

number of keywords for frame j out of 5. Please note that symbolic and deterministic frames

were corrected for negations (e.g., ‘not in your genes’ was not scored towards a deterministic

frame). Therefore, our approach assumes that the more key terms associated with a specific

frame that are used in a given article, the more likely that frame represents how the journalist

decided to describe the gene. For an example see Box 2.

We conducted two additional analyses to further evaluate the framing of genetic findings in

media coverage of scholarly articles: (i) we evaluated the frequency of positive and negative

terms in the news corpus using the tidytext package [37] and combining terns from the Bing,

NRC and AFINN sentiment lexicons [43]; and (ii) we computed how many times the expres-

sion “gene for” was used in headlines and bodies of news, as a proxy for the presence of the

“one gene, one disease” frame in the media, that is, the idea that a single gene determines the

disease or trait (e.g., “Scientists Say They’ve Found Gene That Causes Breast Cancer”) [26].

The frequency of positive and negative terms was accounted for negation (i.e., reversed sen-

timent when the term was preceded by "not", "without", "no", "can’t", "don’t", or "won’t"). The

Box 2. Example. News article no. 614

Calculate proportion of keywords present in the article for each

frame:

n614,materialistic = 1 (out of 13)

n614,mat/mmat = 1/13 = 0.077

n614,deterministic = 0 (out of 11)

n614,det/mdet = 0/11 = 0

n614,relativistic = 2 (out of 12)

n614,rel/mrel = 2/12 = 0.167

n614,evolutionary = 1 (out of 32)

n614,evo/mevo = 1/32 = 0.031

n614,symbolic = 0 (out of 5)

n614,sym/msym = 0/5 = 0

Calculate total usage:

∑n614, j/mj = 0.077 + 0 + 0.167 + 0.031 + 0 = 0.275

Calculate relative usage:

Materialistic = 0.077 / 0.275 � 100 = 28.0%

Deterministic = 0 / 0.275 � 100 = 0%

Relativistic = 0.0167 / 0.275 � 100 = 60.6%

Evolutionary = 0.031 / 0.275 �

100 = 11.4%

Symbolic = 0 / 0.275 � 100 = 11.4%

https://doi.org/10.1371/journal.pone.0296323.t002
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validity of searching for the term ‘gene for’ to capture the use of true “one gene, one disease”

statements in the media was evaluated by manually inspecting each headline and paragraph

where the term “gene for” was found. Each match was then classified into (a) true oversimplifi-

cations or (b) correct uses of the term ‘gene for’.

Mention of ELSI keywords

We analyzed the frequency of use of terms associated with the translation of genetic research

and ELSI within news coverage, across time and traits by searching for 13 terms (e.g., ‘ethic’,

‘policy’, ‘discrimination’; see S5 Table in S1 File for the full list of terms). The list of terms was

curated by the research team upon evaluating common terms in the literature around this

topic.

Topic modeling

We used unsupervised structural topic modeling to identify overarching themes in news cov-

erage. Topic modeling classifies words into natural categories based on their co-occurrence

within a document. In the online news analyzed, a model with 30 topics showed the best fit.

We used the stm package [44] to implement structural topic modeling and identify latent top-

ics in our text corpus. The optimum number of latent topics was decided based on (i) the high-

est held-out likelihood and semantic coherence and (ii) the lowest residuals, which led us to

choose a 30 topics solution [45]. Individual listings of publications and online mentions are

reported in S1-S4 Tables in S1 File. Results are also accessible on our interactive website:

https://jjmorosoli.shinyapps.io/newas/.

Predicting media attention

We combined the metadata from GWAS Catalog and the Journal Citation Reports [46] and

we used negative binomial regression analyses to evaluate if the number of online mentions of

GWAS publications could be predicted by (i) year of publication, (ii) number of significant

loci, (iii) discovery sample size, and (iv) journal impact factor. The dependent variable ‘online

mentions’ was based on the number of online mentions originally identified by Altmetric

(including news articles in languages other than English for which we were not able to retrieve

the text; see Fig 1). Journal impact factor for GWAS publications was defined as the impact fac-

tor in the year before the paper was published. The distribution of the dependent variable

‘online mentions’ was highly skewed, and a negative binomial regression model was preferred

over a linear model. Regression analysis was conducted using glmmTMB [47]. When publica-

tions came from journals with no impact factor, the impact factor was assumed to be zero, oth-

erwise, there was no missing data. Secondary data used in these analyses can be found in

S2 Dataset.

Results

Description of the dataset

Only 22.9% of published GWAS were reported online. Almost 40% of retrieved news and blog

articles contained identical, aggregated, or rephrased content (i.e., correlation between word

frequencies higher than r = 0.95) from another website. Both GWAS publications and their

online coverage increased each year (see Fig 2). The most frequently studied traits have been

non-disease traits (33.7%), neoplasms (13.0%), and mental and behavioral disorders (10.4%).

These were also the traits most frequently covered in the news, receiving 43.4%, 11.6%, and

14.1% of all news reports, respectively.
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Readability and use of jargon

Across readability indexes, analyses showed that 95% of the news sites and blogs would require

the reading ability of a university student (i.e., more than 12 years of formal education). Gen-

eral online media such as that produced by The Huffington Post or CNN is approximately five

times less complex [48; see Table 1].

In terms of use of jargon, the 5 most common genetic terms across all websites were RNA

(which was present in 65.3% of websites), risk (63.7%), gene (62.0%), genome (61.1%), and

DNA (45.0%). On average, each website used 9 out of 231 terms present in the NHGRI Talking

Genetics Glossary (M = 8.8, SD = 4.5). Note that ‘risk’ was used in 63.7% of news articles versus

‘susceptibility’ (12.2%) or ‘protect’ (11.3%); and ‘gene’ was used in 62.0% while ‘marker, ‘poly-

morphism’, or ‘allele’, where used in 15.9%, 11.6%, and 6.3% respectively. Core terms in com-

plex trait genetics, such as ‘polygenic’ and ‘interaction’, only appeared in 2.9% and 6.7% of all

news articles, respectively.

Table 1. Comparison of average readability scores across different sources.

Source GFI SMOG FRES F-K

News & blogs on GWAS 21 15.5 -108.2 31.3

BuzzFeed Top 500 (2016) [48] 3.1 3.8 58.7 5.6

HuffPost Top 500 (2016) [48] 5 5 N/A 5

CNN Top 500 (2016) [48] 7 6 N/A 6

Health websites (Australia) [49] N/A 12.1 47.5 10.5

Note: GFI = Gunning fog index; SMOG = Simple Measure of Gobbledygook; FRES = Flesch reading-ease score;

F-K = Flesch–Kincaid grade level.

https://doi.org/10.1371/journal.pone.0296323.t003

Fig 2. Number of GWAS publications and mentions in news and blogs by year. Online attention to GWAS has

increased over time independently from the increase of GWAS publications per year (partial r = 0.69 [0.23,0.90]).

https://doi.org/10.1371/journal.pone.0296323.g002
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Framing of genetics findings

Relativistic and materialistic frames were the most frequent frames used in news sites and

blogs. The use of deterministic keywords and phrases was comparatively lower. This pattern is

stable across time, although in mental and behavioral disorders we observe a decrease in the

use of deterministic terms and an increase in relativistic terms. In summary, we found that

articles used predominantly a relativistic frame (35.8%), followed by a materialistic frame

(34.4%) and to a lesser extent a deterministic (16.2%) and evolutionary frame (12%). See Fig 3

and our website [40] for more details.

When it comes to the use of the “one gene, one disease” model in the media, we found that

it was used in 23 headlines, and 160 times in 74 of the news bodies. After inspecting the latter:

50 were true OGOD simplifications, 66 were claims against the idea of OGOD, and 46 were

correct uses of the term ‘gene for’. True OGOD statements were more common in coverage of

genetic studies on gray hair (N = 26), intelligence (N = 4), and twinning (N = 3); while claims

against it were more common in coverage of educational attainment (N = 15), personality

(N = 6), and depression (N = 6). Moreover, the phrase ‘gene for’ was rarely used between 2005

and 2012, but appeared more frequently from 2013 onwards [40]. Finally, positive words were

used more frequently than negative words, although the prevalence of both positive and nega-

tive terms was low, suggesting that news coverage was not typically emotionally valenced. The

most common positive adjectives were ‘novel’ (used in 14.7% of news articles), ‘unique’

(6.8%), and ‘robust’ (4.4%), while the most common negative adjectives were ‘weak’ (7.6%),

‘ineffective’ (0.8%), and ‘inadequate’ (0.7%).

Fig 3. Relative use of frames over time across all traits. Data points indicate the average presence of frames within

that year across all news sites and blogs.

https://doi.org/10.1371/journal.pone.0296323.g003
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Mention of ELSI keywords

We found that mentions of clinical implications in GWAS coverage have increased over time.

The terms ‘prevent’ (24.8% of 5,505 news articles), ‘therap*’ (23.7%), ‘screening’ (7.4%), ‘preci-

sion medicine’ (2.4%), ‘detection’ (2.3%), and ‘pharmacogenomics’ (0.9%), all started to appear

more frequently from 2015 onwards (40). However, there was relatively little change in the use

of the terms related to ELSI, such as ‘policy’ (2.7% of news articles), ‘*ethic*’ (2.1%), ‘minorit*’
(1.9%), ‘privacy’ (1.4%), ‘stigma’ (1.2%), ‘discrimination’ (0.9%), ‘insurance’ (0.7%), and

‘eugenic*’ (0.9%), which remained low over the years [40].

Topic modeling

Finally, in our news corpus, a model with 30 topics showed the best fit. The top five topics in

the news coverage were major depression, cancer in women, asthma and empathy, and educa-

tional attainment (see Table 2). Note that topic modeling algorithms do not provide a label for

each topic. We give meaning to each topic by arbitrarily labeling them based on most common

words within each topic. In the case of “asthma and empathy”, no other label seemed appropri-

ate to subsume those keywords. Next, we classified each article based on the topic it belonged

to, which allowed us to explore the context in which the keywords and frames described above

were used. The topic ‘sleep disorders’ had the highest use of deterministic keywords, and

‘major depression’ had the lowest. The word ‘environment’ was most frequently used when

talking about ‘immune system’ and ‘educational attainment’, while ‘eugenic’ was most fre-

quently used with the topics ‘educational attainment’ and ‘cancer in women’.

Predicting media attention

More recent publications (Incidence rate ratio (IRR) = 1.88 [1.71, 2.06], P < .001), with bigger

sample sizes (IRR = 2.34 [1.83, 3.05], P< .001), and published in journals with higher impact

factors (IRR = 2.67 [2.39, 3.01], P < .001), received more media attention. In regards to signifi-

cant interactions with publication year we found that in later years, sample size was less predic-

tive of coverage (IRR = 0.69 [0.57, 0.83], P < 0.001) while impact factor was more predictive

(IRR = 1.12 [1.02, 1.23], P = 0.015). There was also a significant interaction between impact

factor and sample size (IRR = 0.87 [0.77, 0.97], P = 0.003). The regression model explains

38.7% of the variance. Examination of residuals showed that while the model was accurate for

most traits, neoplasms, behavioral disorders, chronotypes, intelligence and educational

Table 2. Top 10 topics in the GWAS news corpus.

Topic Top 7 terms that contribute to each topic

Major Depression Depression, disorder, scientists, university, condition, psychiatric, major

Cancer in women Cancer, breast, lung, women, ovarian, cancers, common

Methods SNP, association, loci, wide, analysis, studies

Asthma and empathy Women, empathy, twins, birth, children, asthma, age

Educational attainment Education, intelligence, differences, social, attainment, twins, environment

Facial genetics Hair, skin, nose, facial, color, shape, pigmentation

Ancestry African, American, ancestry, European, populations, variant, children

Alzheimer’s disease Brain, Alzheimer’s, cognitive, memory, dementia, found, scientists

Diabetes Diabetes, obesity, type, life, lifespan, health, diseases

Cardiovascular disease Heart, blood, stroke, pressure, cholesterol, cardiovascular, coronary

Note: Labels were manually assigned based on top terms within each topic.

https://doi.org/10.1371/journal.pone.0296323.t004
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attainment, and alcohol and coffee consumption, received substantially more online mentions

than predicted by our model, suggesting differential trends in media interest. Comprehensive

results from the regression analyses are available on our website [40].

Discussion

In the present study, we analyzed a large corpus of English-language online media articles cov-

ering genome-wide association studies, exemplifying the use of computational methods to

study science communication in biological sciences. Our results show that new genetic

research is described in language too complex to be understood by the public. That is, guide-

lines for effective communication suggest aiming for two to five grades lower than the highest

average grade level of your intended audience [50]. However, over 95% of the news sites and

blogs would require more than 12 years of formal education. For example, if we place this in a

US context, about 46.3% of US adults hold an associate’s degree or higher and in 2018, only

6.3% of those with a bachelor’s degree in the US majored in biological, agricultural, or environ-

mental sciences–degrees that might feasibly introduce people to genetic terminology [51],

meaning that online coverage of GWAS might be effectively inaccessible for approximately

64% of US adults [2]. We encourage journalists and science communicators to run basic read-

ability analyses for the media articles before publishing them and aim for a complexity level

similar to those of general news outlets (e.g., the reading ability of a person with a high school

certificate).

Next, we identified the most common technical terms used in media coverage of genetics

and found that on average, each website used 9 out of 231 terms included in the NHGRI Talk-

ing Genetics Glossary, suggesting a low use of jargon. This may reflect an effort to make

genetic research more accessible; however, the challenge lies in finding the right balance

between using more readable language and introducing contemporary genetic terminology.

That is, eliminating jargon may not lead to more accessible science communication accessible

and can remove the opportunity to explain more complex genetic concepts to readers. The fact

that core terms in complex trait genetics, such as ‘polygenic’ and ‘interaction’, only appeared

in 2.9% and 6.7% of all news articles, respectively, might indicate that at least when it comes to

covering new GWAS findings, we are failing to introduce more nuanced but essential concepts

in modern genetics.

In regards to how genetic findings are framed, our results are somewhat similar to a previ-

ous review analyzing news content about genetics published in tabloid and elite newspapers in

2005–2008 by the original authors of the gene-framing scheme [30]. We found similar trends

in the usage of deterministic (16.2%) and evolutionary frames (12% vs 12.9%) but higher aver-

age usage of relativistic (35.8% vs 13.5%) and materialistic frames (34.4% vs 25.6%). While

these results might indicate a switch in media towards a more nuanced and descriptive cover-

age of genetic research, previous work has found that genetic explanations of human behavior

often activate deterministic assumptions [52, 53]. That is, despite the relatively low presence of

deterministic frames, a single deterministic catchphrase might override complex explanations

of genetics, especially given the low readability of news coverage on GWAS. Additionally, the

application of a framing scheme in a text-mining context will require a specific empirical study

evaluating the reliability of text-mining algorithms in general, and of our relative usage of

frames approach.

The next finding from our study is that ethical issues are largely unaddressed, while sugges-

tions for translation are increasing over time. Given public concerns about privacy and poten-

tial discrimination [28], researchers might consider mentioning ELSI more often when

reporting genetic findings given that it is desirable to engage early with the public when
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working on topics that have the potential to become contentious [2]. Previous qualitative

research has shown that when it comes to more applied genetic research, such as predictive

genetic testing, big media outlets such as The Guardian and the Daily Telegraph do cover most

of the ethical issues identified in the scientific and ethical literature, but also find a similar pro-

portion to the ones observed by us of articles mentioning discrimination and stigma [54].

While the need to mention ELSI in media coverage of GWAS is debatable, the aforementioned

lack of use of more nuanced genetic terms such as polygenic and interaction means that we are

most likely missing the opportunity to use media reporting to introduce the necessary terms

for a realistic understanding of modern genetics [55].

Regarding the most common topics in media coverage of GWAS findings, our results show

that both disease (cancer, mental health, cardiovascular disease) and non-disease traits (facial

genetics, educational attainment, ancestry) are major themes in media coverage and when it

comes to predicting media attention, the fact that our regression model explains 38.7% of the

variance supports the notion that a measure of relevance, such as impact factor, influences

which stories get covered, and that this has become more salient in recent years. While this

finding is not surprising, the present study allows us to have a baseline of previous and current

trends in media coverage of genetic research. It also shows that impact factor has become

more and more important when it comes to which studies receive media attention, which ech-

oes findings such as impact factor predicting the number of citations above and beyond study

methodology and design [56], and newspaper coverage predicting future citation count of sci-

entific publications [57]. The growing use of impact factor metrics beyond their intended pur-

pose [58] must be further explored. The scientific community should make sure that there are

guides and educational material available to journalists and science communicators to evaluate

the quality of a study, independently from overly simplistic measures of quality, such as journal

impact factor.

Limitations

There are several limitations to our work. First, we have focused on GWAS and have not com-

pared this to other scientific areas. GWAS is a relatively recent and widely used technique

which makes it difficult to find a technique of a similar age and popularity to use as a compari-

son. Similar studies targeting other techniques or scientific fields would strengthen the value

and interpretability of the approach used in the present study. Second, a text mining method

does not allow us to determine if technical terms are explained or not–this question still

requires a manual review of selected articles. Third, the scope of this review was limited to

English language. Applying text mining to non-English languages poses challenges due to lin-

guistic diversity, limited resources, and potential inaccuracies in machine translation. Cultural

nuances and language-specific complexities, such as morphological variations, can impact sen-

timent analysis and topic modeling as well. Additionally, syntax differences, data sparsity, and

lack of standardized evaluation hinder effective adaptation and performance assessment of

text mining techniques for non-English texts. While the methodology presented in the present

study can be easily applied to other text corpora, future studies should aim to replicate these

findings using non-English language websites. Fourth, our results are limited to news articles

that cite original research works. This allows us to be very precise about media attention to a

particular field of study, but in turn, it means that our review does not provide information on

how people talk about genetic research when no reference to a scholarly publication is made.

Nevertheless, we argue that our approach does inform science communication campaigns that

come from professional science journalists and research institutions, who are most likely to be

citing research papers in their news pieces. Fifth, our review is limited to media sources
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monitored by Altmetric. However, even if Altmetric coverage is not exhaustive, it is extensive

and covers major national and international media sources, including the most well-known

written newspapers. Sixth, analyzing the frequency of specific words as a proxy for framing

analysis, despite providing more objectivity to the process, oversimplifies the qualitative analy-

sis of content framing. While we argue that combining a strong theory with text-mining has

the potential to adapt framing analysis to big data, the algorithm presented in this study

requires further validation where the presence of gene-frames is independently evaluated by

human coders and text-mining algorithm in the same subset of texts. Finally, our sentiment

analysis does not capture the context in which words are used, only if they were preceded by a

negation. Although the prevalence of emotional language was low, future studies could investi-

gate distinguishing negative and positive mentions to evaluate the valence of the news articles.

Conclusion

In conclusion, in the first text-mining review of online media coverage of genetic studies, we

characterized the use of technical vocabulary, themes, emotional valence, and topics in human

genetics, among others. We also identified potential barriers to effective communication:

online media coverage of GWAS should be written so it is more accessible, introduce more

modern genetics terms, and when appropriate ELSI should be mentioned. We argue that sci-

ence communication research in our field can benefit from big data and text-mining tech-

niques which can be used to regularly monitor trends and changes in coverage trends across

thousands of media outlets, allowing us to monitor and improve communication practices in a

fast-evolving online media landscape.
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PLOS ONE Examining media coverage and readability in genome-wide association research

PLOS ONE | https://doi.org/10.1371/journal.pone.0296323 January 5, 2024 13 / 16

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0296323.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0296323.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0296323.s003
https://doi.org/10.1371/journal.pone.0296323


Writing – review & editing: Lucı́a Colodro-Conde, Fiona Kate Barlow, Sarah E. Medland.

References
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