Information retention in multi-platform discussions of science
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Online spread of science across platforms

RQ1. Information retention over time
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oy recent public health crises, underscores how content
oses critical pieces of information as it spreads (2. Yet,
multi-platform analyses remain limited due to challenges o
in reliable data collection. In this work, we leverage a
Iarge dataset tO exam"']e |nformat|0n reten“on |n Onllne 6052 buésts for 2553 sequencezs of len 2 . 65541bursts for 19423 sequences ofalen3 » 56%2 bursts fozr 1302 seqtjences ofle4n4
discussions of scientific research findings “in the wild’ "

across 5 platforms. We ask two main questions:

Public interest in science communication 11, highlighted - . dian inf "
. « Examining median information

o retention scores at the burst level,
we found a strong propensity
towards information loss in online

mentions of science over time, for
sequences of multiple lengths.
..+ However, sequences that started
o on social media platforms tended
o to start with and maintain low
Information retention.

0.03504
F0.012

0.0325 -
0.034 + 0.014

0.032 4 0.0300

G.032 N 0.02?5,

0.02504

0.028 A L0.002  0.02254

0.024

-0.000 0.0200

0.0404

0.040 A
0.0354

0.035 1 .
"9 0.0304

0.030 4 0.030

0.0254

RQ1. How is information retained over time?

RQ2. As different types of platforms present different
constraints about text, content, and posting, how does
Information retention differ across platforms?
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FIG B. shows the median information retention score at each sequential point over burst sequences of lengths 2-7; in dotted red is a robustness check, with our analysis replicated with RAKE-extracted keywords [6].

Research Design RQZ2. Information retention across platforms Implications + Future work

Data. We leverage the 4+ million online mentions of 9,765 « Patterns of information loss over time underscore a need
research articles tracked by Altmetric LLC [3! on blogs, to devise ways to mitigate such loss and test potential
Facebook, News, Twitter, and Wikipedia.  Median information mechanisms driving It, such as research relevance and
retention scores varied platform effects.
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Measure development. We construct a keyword-based I I across platforms, and - Science discussions on more platforms tend to have
measure of “information retention”, extracting keywords . differences were not nigher information retention scores, suggesting multi-
using the TextRank algorithml*; we validated the measure - simply attributable to text nlatform strategies can improve information retention.
via a survey collecting expert labels on which mentions e e e T length differences. “uture work should examine how to improve and
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have more information retention: e word count synchronize information retention across platforms.
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