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Abstract

Social media platforms that disseminate scientific information to the public during the COVID-19 pandemic highlighted
the importance of the topic of scientific communication. Content creators in the field, as well as researchers who study the
impact of scientific information online, are interested in how people react to these information resources. This study aims to
devise a framework that can sift through large social media datasets and find specific feedback to content delivery, enabling
scientific content creators to gain insights into how the public perceives scientific information, and how their behavior toward
science communication (e.g., through videos or texts) is related to their information-seeking behavior. To collect public
reactions to scientific information, the study focused on Twitter users who are doctors, researchers, science communicators,
or representatives of research institutes, and processed their replies for two years from the start of the pandemic. The study
aimed in developing a solution powered by topic modeling enhanced by manual validation and other machine learning tech-
niques, such as word embeddings, that is capable of filtering massive social media datasets in search of documents related to
reactions to scientific communication. The architecture developed in this paper can be replicated for finding any documents
related to niche topics in social media data.

Keywords Pandemic - Topic modeling - Machine learning - Communication

1 Introduction

The COVID-19 pandemic has altered the information-seek-
ing behavior of people, much like other crises. This is evi-
dent from the shift in web popularity rankings, which indi-
cates that individuals have specific information needs during
times of crisis communication (Dreisiebner et al. 2022). As
a result, they face challenges in determining the reliability
54 Thomas Mandl and trustworthiness of the information they receive (Barnwal
et al. 2019). Social media channels have become important
sources of diverse scientific communication content aimed
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at meeting these needs. Given the significance of scientific
understanding during a crisis, it is crucial to comprehend the
patterns of information-seeking behavior (Montesi 2021).
In particular, media creators must understand the quality
criteria that users utilize in selecting their resources and the
factors that influence their preferences. While information
resources in general and multimodal science communica-
tion, in particular, differ in their portrayal of scientific infor-
mation, research has not delved into the detailed examina-
tion of the most effective ways of disseminating scientific
information.
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With the aim of examining the online conversation sur-
rounding the Corona crisis, specifically in the context of
science communication, the goal of this study is to develop a
solution that can help creators filter out feedback in the mid-
dle of millions of comments made in relation to their work.
Our focus is on identifying and analyzing a specific subset
of comments that users post in science communication chan-
nels as responses to the content presented. For the goals of
this study, we collected 1.12 million tweets formed by the
comments in a network of Brazilian scientists, governmental
bodies, doctors and scientific communicators. It is worth
noting that the majority of these comments are posted at
scientific channels are not necessarily related to the content
or format but rather pertain to the broader discourse around
the Corona crisis. They often include political viewpoints
and general comments on the crisis.

First attempts into filtering out this data were performed
with topic modeling through traditional algorithms such
as Latent Dirichlet (Blei et al. 2003), which proved to not
be good enough in encountering niche topics when deal-
ing with short documents in large data collections (Lima
2023; Mandl et al. 2023). After manual validation of our
topic model, an ensemble method of document filtering was
created through the creation of a word dictionary made out
of the most relevant words in topics relevant to scientific
communication and their top-n closest neighbors according
to the cosine similarity of their word embeddings. A filter-
ing heuristic that uses this dictionary was put in place, and
managed to lead to severe improvements in our ability to
filter documents related to scientific communication. With
such techniques, this paper introduces an ensembling frame-
work that combines topic modeling and word embeddings
as steps that retroactively feeds data processing, generat-
ing a very effective dataset for machine learning tasks that
need to identify niche topics in large databases, as seen in
Fig. 1. The data and solution obtained from this study allows
for an examination of tweets that were positively received
in relation to science communication strategies during the
COVID-19 pandemic. This information can be utilized to
enhance the dissemination of scientific information during
future crises. The solution devised is also theme-agnostic,
and could be applied to other instances of filtering out niche
topics in social media data.

2 Related work

The research of popular science communication channels
indicates comparable communicative techniques taking
into account aspects such as scientific insecure communi-
cation, factuality, complexity, emotionalization, and expert
presentation. Because social media communication is mul-
timodal, visual information, location, and body language are
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all important. Understanding how epidemiological informa-
tion is transmitted and understood by non-expert audiences
requires extracting meaningful comments from internet
audiences (Jaki 2021). These could be helpful for improving
communication strategies and for adapting scientific infor-
mation to online audiences.

Previous research on public scientific material relating
to the COVID-19 pandemic, on the other hand, has primar-
ily concentrated on qualitative analysis, ignoring internet
audience reactions (Bucher et al. 2021). While datasets
available for social media communication about Corona are
available, it is a considerable challenge to filter this volume
of information, being shown that social media information
propagation during the pandemic has largely shone a focus
around general trends, political attitudes, and the spread of
misinformation, which surpasses true information in spread
(Vosoughi et al. 2018).

In such, there is a need for comprehensive studies on the
quality of science communication, including topic modeling
and classification, specifically exploring reactions to science
communication with the public. Several studies have been
already conducted in exploring topic modeling in regards to
social media data during the COVID-19 pandemic (Boon-
Itt and Skunkan 2020; Melo and Figueiredo 2021; Yin et al.
2022), but few tackled the topic of scientific communication.
Much rather, such studies take a special perspective. Often
machine learning is used to improve a sentiment analysis,
e.g., for the attitude toward vaccines in Turkey (Kii¢iik and
Aric1 2022). Similarly, LDA has been used to detect top-
ics in the discourse on vaccines and the documents were
further processed with deep learning methods to extract to
determine the sentiment in a large collection (Zulfiker et al.
2022).

In a previous attempt to focus solely on tweets reacting
to science communication, LDA modeling found only few
comments (Lima 2023).

When analyzing short textual data, topic modeling tech-
niques are helpful for clustering similar documents within
a corpus and for finding common themes they may share.
While Latent Dirichlet Allocation (LDA) (Kalepalli et al.
2020) exhibits a strong performance in the diversity of their
generated topics and in its accurate categorization, more
modern solutions based on transformer architectures such
as BERTopic and Top2Vec, which are based on ensembled
techniques and word vectorization, achieve better results in
topic coherence (Egger and Yu 2022a) and have an array of
different modeling strategies that tend to generalize toward
more interpretable topics. Although there are comparative
evaluations for LDA, BERTopic and other models, they do
not give advice for filtering small amounts of tweets with
high accuracy (Egger and Yu 2022b).

When looking for such niche topics, Guided BERTopic’s
strategy of nudging topics together by their word similarity
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produces more interesting results when looking for a specific
theme inside a corpus (Grootendorst 2022).

Futhermore, most of this work is done for English (Ng
et al. 2022), so research for other languages on the COVID-
19 discourse is necessary.

Although machine learning techniques and topic mod-
eling has come a long way, the means of measuring topics
by their human interpretability are still unclear on which are
the best practices, with the often used coherence metric not
being able to accurately depict actual human interpretability
(Ramirez et al. 2012) and a comparison to human judgment
is difficult to quantify (Chang et al. 2009).

Interestingly, metrics based on the utilization of word
embeddings, such as measuring for cosine similarity,

reflects into more accurate measurements of interpretabil-
ity (Doogan and Buntine 2021). The construction of word
dictionaries used to aid machine learning techniques in
better handling of a specific problem set has been proven
to be effective (Reveilhac and Morselli 2022), and is also
used in several strategies of BERTopic. This approach is
specifically helpful when dealing with word embeddings,
with the utilization of Google’s Word2Vec model in con-
junction of keyword lexicon lists proving that the mixture
of techniques tends to prove successful, enhancing the
capability of word embeddings inside a model, specially
when dealing with filtering specific information which
form a minority class inside a larger dataset (Hu et al.
2017; Koufakou and Scott 2020; Jin et al. 2018).
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3 Methodology

This study went through an iterative process between tech-
niques: from beginning with an LDA topic model, we repur-
posed its results into a validated dataset that was used to
train a Word2Vec model, as well as nudging BERTopic into
better generalizing our niche topic.

In the first stage, relevant science communication chan-
nels on Twitter were identified. Then, data from these
sources containing content created during the COVID-19
pandemic were collected and underwent several textual data
processing techniques, resulting in a final corpus that was
prepared for natural language processing. Lastly, a topic
model was created to organize the massive text data into
certain themes. The goal was to identify topics that grouped
terms related to reactions to scientific communication. The
effectiveness of the topic model was evaluated using the
NPMI metric.

The results of these topic models were then manually
analyzed by our team and classified into certain categories
that pertained to science communication and if they were
relevant or not. Relevant documents were those which com-
mented on the design or content of the scientific postings.

The most relevant words for the topics with the largest
concentration of relevant documents were sorted into lists by
their categories. From these words, a Word2Vec model was
trained on a lemma database formed from the corpus. Then,
embeddings were created for the sorted word lists, and their
top-5 nearest neighbors were added to the lists. With these
list of words, we compared them to the corpus, using the
trained Word2Vec model, and measured their proximity by
cosine similarity and also by overall word count. Using this
mixture of techniques, we managed to filter a considerably
larger amount of relevant documents than by relying solely
on topic modeling. The results were analyzed and validated,
as well as compared against a BERTopic model trained on
the database.

3.1 Data collection and processing
3.1.1 Data collection

We manually selected 46 sources for the Brazilian market
based on their relevance to COVID-19 discussion, mostly
comprising doctors and research institutes.! Their relevance
was measured by their follower count and amount of reac-
tions (comments and likes) to their posts, as well as hand-
picking for official sources (such as official governmental
bodies and health professionals with ties to the Ministry of

! Examples are https:/twitter.com/luizacaires3, https://twitter.com/
ocienciaetal.
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Health). Additionally, we included popular science com-
municators and news aggregators during the pandemic. To
collect data, we made requests to the Twitter API to retrieve
tweets, retweets, and replies from these sources between
March 1st, 2020 and March 1st, 2022, resulting in 1.3 mil-
lion tweets. We organized the data into nested JSON files
that reflected the website’s complex structure, only collect-
ing tweets flagged with the Portuguese language tag for this
study. We believe that this collection reflects a considerable
sample of the most popular and relevant scientific commu-
nicators in Brazilian social media.

Due to the massive amount of data collected and Twitter’s
API and computing power limitations, we conducted this
step on a Google Cloud cluster with three virtual machines.
This decision allowed us to maintain continuous usage of
computing resources during the collection and nesting pro-
cess and ensured fault-tolerance.

3.1.2 Text processing

The initial steps involved consolidating all the tweets into a
single dataset and filtering out any tweets made by the origi-
nal source, only retaining replies. The text content of each
tweet was then processed to remove URLs, special charac-
ters, emojis, and mentions, leaving only the actual text. To
reduce noise in the text data, the next step was to remove
stopwords. We utilized a combination of four stopword lists:
a custom list developed for the study, the Spacy (Honnibal
and Montani 2017) Portuguese News stopwords list, the
Gensim (Rehurek and Sojka 2011) NLP Python library, and
the Wordcloud (Oesper et al. 2011) stopwords list.

Once the stopwords were eliminated, the text was
tokenized using Python Spacy’s library rule-based function.
Another filter was then applied to ensure that only words
longer than three characters were considered valid tokens.
These tokens were then lemmatized using Spacy’s library,
which uses both rule and lookup-based methods to reduce
words to their lemmas. To further reduce overfitting and
noise, words that appeared in less than two documents and
those that appeared in more than 99% of the documents were
filtered out.

3.2 Topic modeling

Topic modeling is a technology within Text Mining (Mandl
2015) which tries to identify the topic structure of large text
collections.

3.2.1 LDA

LDA is a statistical method used for topic modeling, with the

aim of identifying recurring patterns in a collection of docu-
ments (Kalepalli et al. 2020). In this study, the objective was
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to develop a topic model that would uncover topics related to
reactions to scientific communication. LDA was chosen as
the algorithm to be used because it estimates the probability
distribution of each word belonging to a particular topic,
given a fixed number of topics.

M N,

Postap) = [ | p0,1aX[] T ptcal0poralza 00,
d=1 a=1 7,

M

Equation 1 represents the three levels in LDA, with vari-
ables a and f representing document-topic density and topic-
word density, respectively. These parameters are defined for
the whole corpus, with ® being the topic distribution of the
document, z a set of N topics, and w a set of N words.

In order to determine the optimal number of topics, the
study used the normalized pointwise mutual information
metric. This metric evaluates the topic model by represent-
ing the top-n words of each topic as a vector in a semantic
space, calculating their probability of co-occurrence with
each other and weighting these vectors by the NPMI of each
term. It is important to experiment with a higher number
of topics to identify a specific and narrow topic while still
producing interpretable results. In this study, we utilized the
Python Gensim (Rehurek and Sojka 2011) libraries for LDA
and its performance metrics, such as coherence and NPML.

3.2.2 NPMI

The NPMI metric is a useful way to evaluate the quality
of the topic model because it takes into account the co-
occurrence of words, which can reveal underlying patterns
and relationships between topics. By representing the top-n
words of each topic as vectors in a semantic space, it is pos-
sible to calculate their probability of co-occurrence and
weight them by the NPMI of each term (Aletras and Ste-
venson 2013).

p(wi, wj)

PMI(w;,w;) = ——
) = PO

@)
The PMI metric is used to calculate the probability of two
words occurring together, taking into account the probability
of each word occurring individually.

PMI(wi, wy)
—log(p(wi, wy))

By normalizing PMI with —log(p(wi, wj)), the NPMI met-
ric is able to reduce the impact of rare co-occurrences and
increase the weight of more common ones.

By experimenting with different numbers of topics and
evaluating the resulting topic models using the NPMI met-
ric, it is possible to find the optimal number of topics for the
specific dataset and research question at hand. This approach

NPMI(w;, w;) = ®)

can help researchers identify meaningful and interpretable
topics that capture the underlying themes in the data.

3.2.3 BERTopic

While techniques such as LDA perceive documents as a bag-
of-words, BERTopic is a topic model that utilizes clustering
techniques and class-based TF-IDF to model topics in such
a way that the semantic relationship between words within a
single document is taken into account (Grootendorst 2022).

BERTopic is based on BERT (Devlin et al. 2019) and
utilizes its capacity for generating vector representations of
words and sentences with semantic properties. BERTopic
works by leveraging a pre-trained language model to cre-
ate document embeddings, which go through dimensional-
ity reduction and clustering through HDBSCAN. The most
relevant words of each cluster are classified through a class-
based variation of TF-IDF:

A
Wt,c = th,c * IOg(l + _) (4)
i;

In the equation above, tf, . represents the frequency of word
x in class c, tf, represents its frequency in all classes, and A
is the average word per class. The resulting value represents
the importance of a word in a cluster, allowing for the gen-
eration of topic-word distributions for each cluster.

BERTopic capabilities of maintaining the semantical
property of documents inside topics results in more diverse
and coherent topics when compared to LDA, and it is gener-
ally more robust in use, enabling for more options in fine-
tuning and less dependent on preprocessing.

3.3 Word2Vec

Word2Vec is a model architecture that computes continu-
ous vector representation with words, achieving impressive
results in word similarity tasks on very large datasets, at
a low computational cost (Mikolov et al. 2013). Its word
embeddings are widely used to represent words as vectors.

It utilizes two-layer neural networks trained to reconstruct
the linguistic context of words to output a vector space that
represents an entire corpus, with each word being assigned
a different vector in this space. Word2Vec has two archi-
tectures: CBoW, in which it uses the surrounding words to
predict the word located in the center of an n-gram, and
Skip-gram, in which it uses the central word in an n-gram to
predict the surrounding words.

Word2Vec has proven to achieve interesting results in pre-
paring results for both intrinsic and extrinsic tasks, beating
several other word embedding techniques (Schnabel et al.
2015), and forming the theoretical base of state-of-the-art
word embeddings (Wang et al. 2019). For the purposes

@ Springer
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Fig.2 NPMI coherence search by number of topics

of this study, the Word2Vec implementation utilized was
made available in Python by the natural language processing
library Gensim (Rehurek and Sojka 2011).

3.4 List based filtering

In this study, we experimented with a mixture of techniques
that combined manual validation of topics and the properties
of their most relevant words.

Once we manually identified topics that, in their top-30
words, ranked by their relevance (Sievert and Shirley 2014)
and saliency (Chuang et al. 2012), contained words that were
relevant to the topic of feedback to scientific communication,
we set up samples of 1500 tweets from each of these topics.

The research team, composed of three people, with the
help of field experts, manually classified them into six cat-
egories, in relation to scientific communication:

e Questions, comments, corrections or suggestions about
the content or theme at hand, directed toward the author
Discussion about scientific communication between users
Praise or criticism toward the content

Praise or criticism toward the author

Political commentary in relation to scientific communica-
tion

¢ General questions about the epidemic

The process of manual classification in these categories fol-
lowed a consensus-based approach, where disagreements
were discussed as a group, and a document would be clas-
sified when the group reached a unanimous decision. After
finishing a batch of documents, a field expert would manu-
ally verify each document in accordance with the team’s
classification. The final decision on classification was up to
the expert’s discretion.

@ Springer
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Since the objective of our study was to identify reactions
to scientific communication, these were the categories in
which we decided to segregate our documents, we only
considered the first four categories as relevant for properly
identifying reactions to scientific communication that might
prove useful to scientific content distributors.

After identifying the tweets, we selected words from the
top-50 words in the respective topics that were present in the
relevant tweets and added them to a word list. This list was
comprised of 44 words. Then, with the trained Word2Vec
model, we generated embedding vectors for each of these
words, and selected, from our corpus, the 5 nearest words
when measured by their cosine similarity, which has shown
promising results when evaluating the semantic similarity of
word embeddings (Lahitani et al. 2016). Each of the top-5
nearest words were added to our word list, reaching a count
of 264 total relevant words.

4 Results
4.1 LDA topic modeling

At the start of the experiments, several LDA models were
executed and scored by their NPMI metric, looking for the
optimal number of topics that allowed for maximum coher-
ence and interpretability, as seen in Fig. 2.

In our experiments, we observed that using 20 topics
(represented by their intertopic distance in Fig. 3 resulted in
the highest NPMI value, with the metric steadily decreasing
beyond that number. While fewer topics also yielded decent
NPMI results, they failed to adequately capture distinct
niches within the dataset, which was necessary for our spe-
cific research goal. Given that the topic of interest was not
a prevalent theme in the tweets, employing a larger number
of topics allowed for more specific and targeted discussions,
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Intertopic Distance Map (via multidimensional scaling)
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Fig. 3 Intertopic distance mapping between topics found with LDA

facilitating the filtering of tweets unrelated to the theme of
reactions to scientific communication.

After careful manual validation of the topics most rele-
vant and salient terms, we decided on exploring two specific
topics, manually validating 750 tweets of each one of them,
sorted by their contribution toward the topic. In Table 1,
we can see translated examples of the topic’s keywords and
example sentences.

This approach through LDA resulted in very few actual
relevant documents encountered within a sample of 1500
documents. While this was expected, given Twitter’s propen-
sity for usage for news publishing and discussion rather than
educational content, we believed that more relevant avenues
for filtering niche documents could be found either in com-
bining embedding models with the results of our manual
validation, or in exploring state-of-the-art topic modeling.

4.2 List based semantic filtering with Word2Vec

As discussed, this technique employed the creation of a dic-
tionary of words relevant to the topic of scientific discus-
sion and enhancing this list with the aid of Word2Vec word
embeddings. With this list of relevant words at hand, we
decided on two metrics for filtering documents: the relevant
word count in each document, and their cosine similarity in
relation to the entire list. We decided on a cutoff value that
would leave us with a sample of similar size of in relation
to our LDA experiment: each document contained at least 2
relevant words and had an average cosine similarity larger
than 0.6.

This sample was also manually validated with the same
criteria as the previous experiments, leading to fantastic
results: many more documents were classified as relevant,
and these documents were also very in line with the con-
tent that we wanted to find. Many more comments were in
fact discussing the quality and characteristics of the content
presented, as well as providing questions, corrections and
additions.

4.3 Guided BERTopic

This experiment’s Guided BERTopic model was trained and
fine-tuned with a custom KMeans model, a practice that in
our experiments with BERTopic led to more varied and
coherent topics, and also helped in reducting the amount
of themes splintered into several small topics. The model
was trained with the list created by the previous experi-
ment as its seed topic list, which nudged BERTopic in cre-
ating more topics related to the reaction toward scientific
communication.

This resulted in the documents being split into 347 topics
of roughly similar size. Going by the relevant tweets that we
classified in the previous two experiments, we search for the
topics that had the largest amount of those tweets as well as
the best ratios of relevant/irrelevant documents. This led us
to 10 topics. Refer to Fig. 4 as well as Table 1 for a visu-
alization of the topics keywords and examples of the found
documents. A sample of the 150 most relevant documents
of each topic was taken to create a third dataset of the same
size as the previous two, to be manually validated by our
team and our field experts.

4.4 Comparison between techniques

With three same-sized datasets, we can then compare our
different techniques in their capability of filtering a large
dataset in search of documents of a niche theme (Fig. 5).

We can see that while the topic modeling approach led to
much improvement when compared to LDA, the ensembling
of word embeddings and list-based semantic filtering found
the largest amount of relevant documents. When judging
by their general relevance toward the theme, the documents
found by the semantic filtering were also in general more
related to direct feedback toward the content creators.

Following a classifier algorithms methodology, we can
assume that each sample consisting of 1500 documents was
completely classified as relevant. As such, we can measure
the precision of each technique, as seen in Table 2.

4.5 Summary and contributions

Overall, this paper describes and implements a method to
selecting micro-blog entries for topics with a low volume. In

@ Springer
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Table 1 Keywords and examples sentences of the most relevant topics founds by the topic modeling techniques tested in this study

Selection Keywords Sentences found
LDA truth, essential, “This 7th paragraph is not there for applying exceptions for Brazil-
(Selected topic #1) working, completely, ians."
live, calm, importance, "very good news"
development, version, quality "NO ONE went to the hospital."
"This young guy did not talk about being cured, but only that he
witnessed that”
LDA vaccinate, coronavirus, “Congratulations for this material. Excellent!”
(Selected topic #2) anxious, priority, reading, "Excellent news for those who believe in the Brazilian scientists."
context, absolutely, layman, "And I have not seen that! I do not believe it!!"
immune, entity
BERTopic vaccine, treatment, “Great idea! Could this data also be used as an indicator of what is
(Selected topics) scientific, video, happening until the website is back online?"

work, data, research,
study, evidence, medicine

"If the results are indeed promising, I don’t understand why they
didn’t publish the partial results in the accorded date."

"This article doesn’t have any scientific value."

"Thanks for your work! I thought that the video was really helpful
in clearing things up."

Table2 Metrics of each technique when evaluated by a 1500 docu-
ment test sample

Technique Relevant tweets  Irrelevant tweets  Precision
LDA 86 1414 0.06
Guided BERTopic 393 1107 0.26
Word2Vec list filter 702 798 0.47

The methodology could be readily be implemented into a
tool for tracking the reactions to a channel. This tool would
be able to select and segment reactions which go beyond
the frequent political and personal communication that is
generally abundant in social media.

Our methodology was applied to the reaction to science
communication for the Brazilian market on Twitter. This
paper provides a framework that can be used for selecting
and analyzing content on social media, and employing it
on Brazilian twitter data was the first application of this
framework.

Obviously, the selection of channels and the collection
includes a subjective element. Furthermore, the download of
data from Twitter necessarily leads to problems with repeat-
ability because of restrictions implemented in the Terms of
Service and API usability during the year 2023.

5 Conclusion

While this study focused on finding reactions to scientific
communication in social media, these same techniques
can also be applied when searching for any niche topic
in collections of documents similar in size to tweets. We
found that even state-of-the-art models such a BERTopic

or Word2Vec needed a certain degree of heuristical vali-
dation to be able to generalize into niche topics. The
approach that required the most amount of manual vali-
dation and combination with heuristics, which was the
semantic filtering technique with Word2Vec embeddings,
was also the most successful in filtering through our data-
set and finding our desired topic.

The framework defined in this paper can be applied to
help scientific content creators to better locate useful feed-
back in very large datasets, as well as point out, after a brief
analysis, which subjects are the viewers most interested at,
and what kind of content delivery are the most effective
for good retention and positive feedback. With this, con-
tent creators are able to better understand how to broadcast
their knowledge to different audiences, and through different
avenues.

One big hurdle that this study had to deal with it was the
nature of Twitter’s data: scientists and content creators do
not tend to post educational content on Twitter, and prefer
to use it to share important news and foster discussion—this
characteristic of the social network led to difficulties in find-
ing feedback toward scientific communication, and, when
coupled with Twitter’s closing of their academic access API
in March of this year, leads our future studies in the direction
of gathering documents from other sources such as Youtube.

With a large dataset of thousands of tweets classified by
their relevance toward our theme, this study also contributed
with the data labellng necessary for an interesting possible
next avenue: the training of classifier to identify if a docu-
ment is relevant to scientific communication or not. This
classifier can be seen as the end goal of our study: a tool for
scientific content creators to better understand what their
audience seek for in their content. With such a tool, scientific
communication can be optimized to reach larger audiences.
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