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Sharing without clicking on news in  
social media

S. Shyam Sundar    1  , Eugene Cho Snyder    2, Mengqi Liao3, Junjun Yin    4, 
Jinping Wang    5 & Guangqing Chi    4

Social media have enabled laypersons to disseminate, at scale, links to news 
and public affairs information. Many individuals share such links without 
first reading the linked information. Here we analysed over 35 million public 
Facebook posts with uniform resource locators shared between 2017 and 
2020, and discovered that such ‘shares without clicks’ (SwoCs) constitute 
around 75% of forwarded links. Extreme and user-aligned political content 
received more SwoCs, with partisans engaging in it more than politically 
neutral users. In addition, analyses with 2,969 false uniform resource 
locators revealed higher shares and, hence, SwoCs by conservatives (76.94%) 
than liberals (14.25%), probably because, in our dataset, the vast majority 
(76–82%) of them originated from conservative news domains. Findings 
suggest that the virality of political content on social media (including 
misinformation) is driven by superficial processing of headlines and 
blurbs rather than systematic processing of core content, which has design 
implications for promoting deliberate discourse in the online public sphere.

Sharing is the hallmark of social media, leading to the virality of content 
and conferring status via metrics such as number of shares, reposts 
and retweets. In the realm of politics, this activity provides a voice to 
the masses by enabling them to share their political thought at scale. 
However, the absence of professional curation means that such sharing 
could also lead to the spread of misinformation and extreme political 
content. The rushed nature of online interactions has led many users to 
become less deliberate and more spontaneous in sharing social media 
content, resulting in the widespread phenomenon of ‘shares with-
out clicks’ (SwoCs), wherein users forward uniform resource locators 
(URLs) of news stories and other public affairs information to others 
in their network without clicking through and reading it first. Different 
from shares with clicking, SwoCs are likely to be based on superficial 
cues (such as the headline or number of likes), without effortfully perus-
ing the central contents of the news story. This suggests heuristic (as 
opposed to systematic) processing of news1. Gabielkov et al.’s2 analy-
sis of Twitter activities during a month in 2015 suggested that 59% of 
the shared URLs for five major news domains were never clicked on, 

providing aggregate evidence for this phenomenon. Holmström et al.3 
reported similar findings by showing that a significant amount of URL 
links had more retweets than clicks, and revealed that 80% of all clicks 
occur within a day of a 5-day period, with links having more retweets 
than clicks increasing over time.

Research has revealed that users who snack on social media news 
with simple news blurbs (title, picture or news lead) acquire signifi-
cantly less factual knowledge from their consumption of news across 
various digital platforms. Instead, it makes users feel more knowl-
edgeable than they actually are (that is, an illusion of knowledge gain) 
about scientific information4 and political affairs5. This is because news 
headlines and blurbs are qualitatively different from full-length news 
articles in terms of framing, emphasis and tone6, true even for news 
coming from quality outlets such as The New York Times7. Furthermore, 
the increasing use of clickbaity headlines to lure attention on social 
media can often be misleading8–10. News headlines are shortcuts that 
provide readers who skim through news feeds with a different set of 
heuristic cues than those paying closer attention6.
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homogeneous information and misinformation25. In the 2016 election 
season, Grinberg et al.26 found that older, right-wing users tended to 
engage more intensively with false Twitter news. Selective exposure 
studies have found that right-wing participants are more likely to be 
influenced by social cues on the media interface when selecting news to 
read than left-wing users23,27, which supports the literature of stronger 
conformity witnessed among conservatives28,29. Thus, we examined if 
the intensity of this unique sharing behaviour (without clicking) varies 
on the basis of political leanings of the users. Lastly, we investigated 
whether the above SwoC patterns apply to false social media content, 
in light of the aforementioned concerns over misinformation spread, 
and also replicate at scale previous findings with small samples suggest-
ing that users are more likely to spontaneously comment or share false 
(compared with true) social media content without reading it first30.

Approach
Our findings are based on the analysis of SwoCs for all URLs shared on 
Facebook between 2017 and 2020 from the ‘Facebook URLs dataset’, 
offered by Social Science One in collaboration with Meta31. Specifically, 
we analysed 4,617 top-shared domains (for example, foxnews.com, cnn.
com and nytimes.com) aggregated from the URL-level data across the 
4-year period. To pinpoint patterns in political content, which is not 
detectable in a domain-level analysis, we also analysed URL data for a 
politically relevant timeframe in 2018, from May to November (that 
is, the 2018 midterm election season), as well as in 2020, from May to 
November (that is, the 2020 presidential election season). To offer 
comparison points, we also analysed data from May to November for 
2017 and 2019. In all, we extracted users’ behavioural data pertaining to 
about 35 million URLs over 4 years (4,195,082 URLs from 2017, 7,068,001 
URLs from 2018, 10,503,168 URLs from 2019 and 13,494,326 URLs from 
2020). We created training data consisting of 8,000 URLs manually 
classified into political versus non-political, and then applied super-
vised machine learning to all URLs in our sample to identify political 
content. General data size and political content size for each year are 
summarized in Table 1.

Our main outcome variable, SwoC, is readily available in the data-
set and refers to the “number of users who shared a post containing 
the URL but did not actually click on the link”31. For our three main 
predictors (that is, political affinity of content, political affinity of the 
user and the alignment level between those two), we calculated content 
affinity and alignment on the basis of the five-level user political affinity 

One reason for engaging in the seemingly indeliberate behaviour 
of sharing without clicking could be the information overload in per-
sonal and social media feeds, putting pressure on online users to be 
expedient and thereby leading them to rely on simple, often superficial, 
cues11. For instance, extensive evidence shows how the sheer presence 
of bandwagon and social endorsement cues, such as number of likes12 
and comments12, as well as the number of tweets and retweets13, can 
alter users’ credibility of social media content14 as well as their sharing/
viewing intentions and behaviours15,16. SwoC, however, is more con-
sequential than likes and comments on a news article because it goes 
beyond signalling approval; users might be unwittingly contributing 
to bandwagon cascades and the spread of misinformation by sharing 
seemingly credible and highly endorsed content from third parties, 
often without personally reading, let alone verifying, that content.

To understand the specific cues that facilitate this quick but con-
sequential action, we studied the sharing of political news on Facebook 
over a span of 4 years. We tested if SwoC is influenced by (1) the polariza-
tion level of the political content, (2) user alignment with the political 
content and (3) users’ political affinity. Furthermore, we explored if the 
SwoC phenomenon is specifically associated with false social media 
posts. First, polarized content can be easier for individuals to spot and 
distribute without deliberation. Hyper-partisan news is usually identi-
fied as being sensational and eye-catching given its reliance on intensi-
fied, exaggerated language and focus on dramatic events17. Clickbaity 
headlines often communicate the essence of the news stories, thus 
eschewing the need for users to click on them, resulting in lower clicks18 
but higher shares. Second, the ideological alignment of the political 
content can effectively serve as another heuristic cue. Users’ bias or 
preference towards ideologically consistent information on social 
media has been documented extensively19–21. News consumers can eas-
ily detect partisanship from simply reading the headline22, and show a 
tendency to choose a source aligned with their own political stance23, 
echoing a long line of research in political science demonstrating 
confirmation bias among partisans. Moreover, consuming ideologi-
cally similar information usually requires less cognitive effort24, and 
users with lower analytical thinking abilities are known to have higher 
tendency to share hyper-partisan news headlines23. This indicates how 
heuristic processing might contribute to SwoC. However, this ten-
dency may not be equally true for all partisans. Research on Facebook 
use during the 2020 US presidential elections has noted asymmetry 
along ideological lines, with conservatives more likely to be exposed to 

Table 1 | Data size and classification for each year

2017 May~November 2018 midterm 2019 May~November 2020 presidential

Political classifier 
performance

Recall 0.8850 Recall 0.9225 Recall 0.8775 Recall 0.8775

Precision 0.8850 Precision 0.9225 Precision 0.8775 Precision 0.8775

 F1 score 0.8847 F1 score 0.9156 F1 score 0.8833 F1 score 0.8816

Data size 4,195,082 URLs 7,068,001 URLs 10,503,168 URLs 13,494,326 URLs

Political content = 1 541,897 URLs (12.92%) 1,030,170 URLs (14.58%) 1,539,807 URLs (14.66%) 2,033,887 URLs (15.07%)

Non-political content = 0 3,200,575 URLs (76.29%) 5,848,741 URLs (82.75%) 7,121,032 URLs (67.80%) 9,301,016 URLs (68.93%)

Other category = 2 305,722 URLs (7.29%) 4816 URLs (0.01%) 1,592,641 URLs (15.16%) 1,801,750 URLs (13.35%)

Filtered data size 1,010,637 URLs (24.09% of all) 1,178,093 URLs (16.67% of all) 1,658,672 URLs (15.79% of all) 2,017,701 URLs (14.95% of all)

Political content = 1 176,286 URLs (17.44%) 205,565 URLs (17.45%) 269,127 URLs (16.23%) 372,279 URLs (18.45%)

Non-political content = 0 770,953 URLs (76.28%) 946,301 URLs (80.32%) 1,127,681 URLs (67.99%) 1,360,763 URLs (67.44%)

Other category = 2 46,428 URLs (4.59%) 543 URLs (0.05%) 219,656 URLs (13.24%) 226,726 URLs (11.24%)

‘Filtered dataset’ is a subset that includes only those URLs that met the minimum threshold (of 2,395 shares) required for overcoming noise due to ‘differential privacy’. ‘Other category’ refers to 
URLs with unclassifiable titles or blurbs based on our English-based categorization (for example, non-English blurbs) and those that returned error messages (for example, ‘Site Not Configured 
| 404 Not Found’), which we coded as 2. The URLs without any text (NaN) in both titles and main blurbs (for example, URLs from giphy.com, an online database that individuals use to share 
animated GIF files) were not assigned any political classifier codes. Thus, the sum of classified URLs is not equal to the entire dataset size. Please note that we used bold formatting for total 
(unfiltered and filtered) data sizes to enhance visibility of the representative sum of different content categories.
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scores (−2 = very liberal, −1 = moderately liberal, 0 = neutral, 1 = moder-
ately conservative, 2 = very conservative) provided in the dataset. We 
triangulated our inferences by analysing data at two different units of 
analyses (domain level and URL level). First, we followed the recommen-
dation of Buntain et al.32 to focus on popular domains with substantial 
amounts of sharing. This was to ensure that the added noise to the 
aggregated variables from ‘differential privacy’ (a privacy-preserving 
technique that offers a statistically acceptable range instead of actual 
amount of each user behaviour31) does not significantly affect the 
estimates in any statistical or practical sense. We added the URL-level 
analysis since domain-level data do not account for differences in con-
tent type among URLs (that is, political versus non-political) coming 
from a given domain (see ‘Source data characteristics’, ‘Construction 
of major variables’ and ‘Data preparation process’ sections in Methods 
for details of data characteristics and data preparation processes).

Results
Is polarized content associated with SwoCs?
To test the curvilinear effects of the political leaning of domains 
on SwoCs, we included the domain affinity score (b = −1,835,577.13, 
s.e. 833,515.47, P = 0.03) as well as its square (b = 2,412,064.41, s.e. 
847,008.07, P = 0.004) in the regression model (R2 = 0.002). Statistical 
indicators of the effects of squared domain affinity suggest a statisti-
cally significant pattern of more extreme domains (both far right and 
left) being shared without clicks (Fig. 1a). For URL-level analysis, we only 
selected political URLs with sufficient amount of shares, to overcome 
‘differential privacy’ noise32. A clearer curvilinear visual data pattern 
emerged from URL-level data consistent across years, revealing that 
the more politically extreme the content (again, both liberal and con-
servative), the more it was shared without clicks, compared with neutral 
content (see Fig. 2a for 2017, Fig. 2c for 2018, Fig. 2e for 2019 and Fig. 2g 

for 2020). When we ran identical analyses with non-political content, 
SwoCs were distributed evenly across content with different political 
affinity across 4 years (see Fig. 2b for 2017, Fig. 2d for 2018, Fig. 2f for 
2019 and Fig. 2h for 2020). We acknowledge that non-political URLs are 
not likely to have political leaning, but we are reporting the analyses 
to offer a comparison point in relation to the patterns seen among the 
political URLs (see ‘URL-level analyses of the associations between 
major variables (content affinity, alignment and SwoCs) and fake news’ 
section in Methods for statistical details of the URL-level analysis).

Does politically aligned content attract more SwoCs?
At the domain level, we found a clear pattern suggesting that the more 
politically aligned a domain is to the user (closer to 0), the more likely 
it is shared without being clicked upon first (Fig. 1b; b = −1,053,149.64, 
SE 76,048.43, P < 0.001) based on linear regression (R2 = 0.008). As an 
independent measure, when we replaced our calculated content affinity 
scores with two alternative publicly available content affinity scores 
(that is, media bias ratings from AllSides.com and Robertson et al.33), 
the affinity alignment effects were generally replicated at the domain 
level (see ‘Domain-level replication with external media bias ratings’ 
section in Methods for statistical details of the replication). Consistent 
with domain-level data, URLs more aligned with users’ political affinity 
were shared more without being clicked (see Fig. 3a for 2017, Fig. 3c 
for 2018, Fig. 3e for 2019 and Fig. 3g for 2020). When we ran the same 
analyses on non-political content, similar patterns emerged, but the 
effects were weaker (see Fig. 3b for 2017, Fig. 3d for 2018, Fig. 3f for 
2019 and Fig. 3h for 2020).

Is political leaning of users associated with SwoCs?
When we compared SwoCs from 4,617 top domains by five political 
user affinity groups, the highest numbers (of SwoCs as well as overall 
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Fig. 1 | The relationship between political content affinity and affinity 
alignment with SwoCs of 4,617 top-shared domains. a, Content affinity 
(b = −1,835,577.13, s.e. 833,515.47, 95% confidence interval (CI) −3,469,267.45 to 
−201,886.81, P = 0.028), content affinity²: (b = 2,412,064.41, s.e. 847,008.07, 

95% CI 751,928.59 to 4,072,200.23, P = 0.004), R² = 0.002. b, Alignment: 
b = −1,053,149.64, s.e. 76,048.43, 95% CI −1,202,204.56 to −904,094.72, P < 0.001, 
R² = 0.008.

Fig. 2 | The relationship between content affinity and SwoCs of political and 
non-political URLs. a, 2017 May~November, political URLs: content affinity 
(b = −967.63, s.e. 31.25, 95% confidence interval (CI) −1,028.88 to −906.38, 
P < 0.001), content affinity² (b = 2,805.77, s.e. 34.83, 95% CI 2,737.51 to 2,874.03, 
P < 0.001), R² = 0.044. b, 2017 May~November, non-political URLs: content 
affinity (b = −29.38, s.e. 21.15, 95% CI −70.84 to 12.08, P = 0.165), content affinity² 
(b = 335.55, s.e. 20.86, 95% CI 294.67 to 376.43, P < 0.001), R² = 0.0003. c, 2018 
midterm, political URLs: content affinity (b = −754.20, s.e. 42.57, 95% CI −837.62 
to −670.77, P < 0.001), content affinity² (b = 3,630.11, s.e 44.70, 95% CI 3,542.50 
to 3,717.73, P < 0.001), R² = 0.034. d, 2018 midterm, non-political URLs: content 
affinity (b = 328.07, s.e. 27.51, 95% CI 274.15 to 381.99, P < 0.001), content affinity² 
(b = 282.71, s.e. 27.19, 95% CI 229.41 to 336.01, P < 0.001), R² = 0.0003. e, 2019 

May~November, political URLs: content affinity (b = −71.96, s.e. 46.70, 95% CI 
−163.48 to 19.57, P = 0.12), content affinity² (b = 3,745.15, s.e. 48.46, 95% CI 3,650.18 
to 3,840.12, P < 0.001), R² = 0.023. f, 2019 May~November, non-political URLs: 
content affinity (b = 390.47, s.e. 36.02, 95% CI 319.88 to 461.06, P < 0.001), content 
affinity² (b = −81.58, s.e. 35.94, 95% CI −152.03 to −11.14, P = 0.023), R² = 0.0001. 
g, 2020 presidential, political URLs: content affinity (b = 297.36, s.e. 35.90, 95% 
CI 226.99 to 367.73, P < 0.001), content affinity² (b = 4,196.67, s.e. 37.41, 95% CI 
4,123.36 to 4,269.98, P < 0.001), R² = 0.035. h, 2020 presidential, non-political 
URLs: content affinity (b = 820.77, s.e. 23.27, 95% CI 775.16 to 866.37, P < 0.001), 
content affinity² (b = 1,388.28, s.e. 23.01, 95% CI 1,343.18 to 1,433.38, P < 0.001), 
R² = 0.004.
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shares) came from moderately liberal users and very conservative users 
(Table 2). The total number of 42.6 billion shares without being clicked 
from those 4,617 top domains accounted for 75.6%, out of the 56.4 billion  
shares recorded. Across different political user affinity groups, the 
general proportion of shares that were not clicked amounted to ~75–77%  
of total shares (Table 2). This pattern was found even when we 
included lesser shared domains and all the months. Overall, SwoCs 
(80,845,962,779– 80,853,679,349) account for 76.71% of shares 
(105,387,911,980–105,398,715,178) among all domains (N = 334,200) 
and URLs (N = 38,750,429,130) across 4 years, from 1 January 2017 to 31 
December 2020. At the URL level, politically leaning (versus neutral) 
groups tended to share as well as share more without clicking, with more 
of those behaviours occurring among moderate to highly liberal groups 
in 2017 (Fig. 4a) and 2018 (Fig. 4c) for political URLs. This concentra-
tion started to shift to highly conservative groups in 2019 (Fig. 4e), and 
became stronger in 2020 (Fig. 4g). For non-political URLs, the amount 
of shares and SwoCs was smaller in size and also relatively even across 
different political affinity groups (Fig. 4b,d,f,h).

Is the SwoC phenomenon more apparent with false news?
Unlike domain-level data, URL-level data allow us to examine the effects 
of political affinity of users and content specifically tied to misinfor-
mation. When we examined URLs that were identified by third-party 
fact-checkers as false, we found that the absolute number of SwoCs 
was higher in conservative than in liberal political affinity groups. 
For instance, for the 2,969 URLs identified as false, approximately  
17.5 million SwoCs came from the very conservative group, 14 million 
from the moderately conservative group, 3.6 million from the neutral 
group, 3.2 million from the moderately liberal group and 2.6 million 
from the very liberal group. Due to ‘differential privacy’ noise embed-
ded in the dataset, the SwoC count for each political affinity group 
is identifiable in range rather than absolute values (see Supplemen-
tary Data Table 6 for the SwoC value ranges). For URLs classified as 
true, the absolute number of shares (including those without clicks) 
from liberals was higher than conservatives, with both liberals and 
conservatives sharing more without clicking compared with neutral 
users (Supplementary Data Table 7). Extended Data Fig. 1 shows the 
portion of SwoCs among all shares, as well as the number of shares 
and SwoCs per URL. To disambiguate whether the higher spread of 
misinformation by conservatives is due to their greater tendency to 
share false news, or because the content flagged as misinformation is 

associated more closely with content that is circulated more among 
conservatives, we again selected URLs coming from domains that 
had an external media bias rating. Our findings suggest that the URLs 
identified as false by fact-checkers were more likely to come from con-
servative domains, while true news tended to come from liberal sites, 
suggesting domain as a cause for greater spread of misinformation 
by right-leaning users of the platform (see ‘Analysis of fact-checked 
URLs and those with media bias ratings’ section in Methods for sta-
tistical details of the analysis with fact-checked URLs). This confirms 
other researchers’ findings25 from the 2020 election cycle that more 
misinformation came from the ‘conservative corner’ of Facebook, and 
extends it by showing that this asymmetry existed in the preceding 
years. In sum, our data show that the proportion of SwoCs among all 
shares of fact-checked URLs is within the 68–78% range for all five 
political affinity user groups. Analyses suggest that differences among 
the affinity groups in the volume of sharing false information stem 
from differences in the number of false URLs originating from news 
domains frequented by those groups.

Discussion
By analysing news sharing behaviours on Facebook across 4 years (that 
is, the top 4,617 shared domains and 35 million URLs during politically 
relevant time periods between 2017 and 2020), we found that shar-
ing without clicking is indeed a widely prevalent phenomenon, much 
more than previously documented in the context of mainstream news 
domains3. We found that SwoC constitutes more than 75% of shares 
in the Facebook news sharing environment, which is quite telling as 
well as alarming in that the virality of political content on social media 
appears to be driven by superficial processing of headlines and blurbs 
rather than systematic processing of the core of the content. This could 
potentially explain why it is so common for misinformation to spread 
so quickly via social media; the vast majority of news stories that are 
shared on these platforms are shared without deliberation, let alone 
confirmation, of the underlying facts.

News sharing is a way of externalizing information to others34, 
signalling that the information provider is confident and welcoming 
of future discussion with others in the shared news environment35. 
Research12 has shown that news consumers on Facebook feel more 
involved with a story when they share it rather than simply reading 
it, and this is even more so when they share it along with a question 
directed at their friends. This ideal of political information exchange 

Table 2 | SwoCs and shares by five political user affinity groups

User affinity SwoCs (% of total SwoCs) Shares (% of total shares) Percentage of SwoCs among 
shares

−2 = very liberal 7,940,478,846 (18.63%) 10,649,441,820 (18.89%) 74.56%

−1 = moderately liberal 9,405,668,831 (22.07%) 12,442,468,182 (22.07%) 75.59%

0 = neutral 7,782,109,480 (18.26%) 10,103,586,234 (17.92%) 77.02%

1 = moderately conservative 8,459,746,717 (19.85%) 11,172,584,511 (19.82%) 75.72%

2 = very conservative 9,028,481,339 (21.19%) 12,001,099,590 (21.29%) 75.23%

Total 42,616,485,213 (100%) 56,369,180,337 (100%) 75.60%

Aggregates from each user affinity group derives from 4,617 domains included in our analysis.

Fig. 3 | Relationship between affinity alignment and SwoCs of political and 
non-political URLs. a, 2017 May~November, political URLs: affinity alignment 
(b = −994.88, s.e. 4.59, 95% confidence interval (CI) −1,003.88 to −985.89, 
P < 0.001), R² = 0.054. b, 2017 May~November, non-political URLs: alignment 
(b = −431.19, s.e. 1.99, 95% CI −435.09 to −427.30, P < 0.001), R² = 0.012.  
c, 2018 midterm, political URLs: affinity alignment (b = −983.45, s.e. 5.81, 95% CI 
−994.83 to −972.08, P < 0.001), R² = 0.029. d, 2018 midterm, non-political URLs: 
alignment (b = −373.19, s.e. 2.45, 95% CI −377.99 to −368.39, P < 0.001), R² = 0.005. 

e, 2019 May~November, political URLs: affinity alignment (b = −880.65, s.e. 
6.12, 95% CI −892.65 to −868.65, P < 0.001), R² = 0.016. f, 2019 May~November, 
non-political URLs: alignment (b = −461.38, s.e. 3.19, 95% CI −467.64 to −455.12, 
P < 0.001), R² = 0.004. g, 2020 presidential, political URLs: affinity alignment 
(b = −964.95, s.e. 4.95, 95% CI −974.66 to −955.24, P < 0.001), R² = 0.021. h, 2020 
presidential, non-political URLs: alignment (b = −408.23, s.e. 2.33, 95% CI −412.80 
to −403.66, P < 0.001), R² = 0.005.
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Fig. 4 | Shares and SwoCs of political and non-political URLs by five political 
user affinity groups. a, Political URLs from 2017. b, Non-political URLs from 2017. 
c, Political URLs from 2018. d, Non-political URLs from 2018. e, Political URLs from 
2019. f, Non-political URLs from 2019. g, Political URLs from 2020. h, Non-political 
URLs from 2020. The data include error ticks on top of each bar that reflect the 
standard deviation of noise embedded in shares (σ = 14) and SwoCs (σ = 10). As such, 
since the errors are accounted for in the figures, we included all URLs (including 

those with less than 2,395 shares). σ is a noise parameter calculated by Meta for each 
user action, including shares and SwoCs31. Due to the complexity of the data (in 
terms of the large URLs counts as well as ‘differential privacy’ noise embedded in 
aggregates for each URL, of which the noise only reduces as the aggregates are large 
enough), we summed up all the shares and SwoCs from each political user affinity 
group, divided them by the total URL counts from each year (as indicated in Table 1) 
and then calculated the ranges of shares and SwoC aggregates.
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as part of a deliberative democracy can be seriously threatened by the 
widespread prevalence of SwoC discovered in our study. It prompts 
us to rethink the notion of news sharing and wonder about the depth 
of thought put into this highly prevalent action. It urges us to make a 
distinction between mindful news sharers who are truly engaged in 
the content and mindless news sharers who choose not to expend the 
cognitive effort to process the information before making their shar-
ing decisions. While we could advise news consumers to distinguish 
between mindful and mindless news sharers, such vigilance is unten-
able given the aforementioned problem of information overload. 
Interface solutions that prevent sharers from sharing without reading 
first or at least nudge them towards more deliberation before sharing 
actions may be needed.

Different from shares with clicking, SwoCs can be far less deliber-
ate and thoughtful, as users make the quick sharing decisions based 
not on the content of the news but on superficial cues either on the 
interfaces or in the headline. Both our domain- and URL-level analyses 
offer support to our prediction that politically extreme content was 
shared more without clicking. Our study also found that this behaviour 
is associated with partisan biases, with liberals (in 2017 through 2019) 
and, increasingly, conservatives (in 2020) more likely to perform this 
action than ideologically neutral users, While past research studying 
news sharing behaviours has found competing evidence in terms 
of whether users are more likely to share pro-attitudinal news arti-
cles36 or articles that contain conflicting viewpoints37, we found strong 
evidence that users are more likely to share ideologically consistent 
news content without clicking. This result is consistent with previous 
research showing that users rely on heuristic cues to make news shar-
ing decisions on social media when facing information overload11. In 
particular, we found that users are largely biased by their prior beliefs 
in making news sharing decisions, which is consistent with the notion 
of motivated reasoning38.

Furthermore, given that the degree of affinity between users’ and 
the content’s political ideology positively predicts the volume of SwoCs, 
it appears that partisans are more eager to spread attitude-congruent 
political stories without bothering to vet them for factual accuracy, 
thus enhancing the probability of political misinformation enjoying 
widespread dissemination. These findings resonate with the notion 
that one’s Facebook network tends to share substantially less news 
that is opposed to the group’s general political ideology39, which can 
be exacerbated by algorithmic suggestions reducing exposure to 
cross-cutting content40 and thereby contributing further to ideological 
segregation by promoting exchanges within homogeneous networks41.

While our data suggest a strong pattern that partisans are more 
inclined to share news aligned with their ideology without reading 
it first, it is possible that this effect is driven by a small number of 
hyper-partisan users and communities within Facebook, as was found 
in Reddit, a platform where the majority of segregated news sharing 
occurs within extremely partisan segments and disproportionately 
more so in right-wing communities42. We also note that, by applying a 
minimum share threshold to select the domains included in our main 
analysis, we might have undercounted the SwoCs by conservatives 
because recent research by Muise et al.43 indicates a greater number 
of less viewed (and, hence, less shared) right-leaning domains/sites 
than left-leaning ones. We would like to note that Muise et al.43 applied 
the domain bias scores of Robertson et al.33, which we also did in our 
study for supplementary analysis in ‘Domain-level replication with 
external media bias ratings’ section in Methods. When we visualized 
the distribution of the content affinity scores for the 4,617 domains, 
and compared it with the distributions of content affinity with URLs 
from the 2,636 domains for which we were able to apply the domain bias 
scores of Robertson et al.33, both distributions suggest similar patterns 
(see Extended Data Fig. 2, with AllSides media bias ratings provided 
for comparison), without a significant loss of extreme right-leaning 
domains as demonstrated in Muise et al.43. Future research is needed 

to assess whether the sharing patterns discovered in this study are 
restricted to small pockets, or simply more pronounced in them, and 
the extent to which they influence larger societal phenomena such as 
political polarization and the epidemic of misinformation.

Our study’s findings should be interpreted by keeping in mind 
certain caveats. The nature of the dataset precludes us from observ-
ing users’ actual behaviours when browsing their social media feeds. 
In some circumstances, sharing after reading does not necessarily 
mean the users are more attentive to the information than when they 
share without reading. Likewise, not all SwoCs are necessarily mind-
less—some shares made without clicking the URL beforehand can still 
represent mindful resharing of familiar content that is perused by the 
user in another forum. Future lab observation studies could be con-
ducted to uncover the nuances of these two types of sharing behaviour. 
In addition, with the ubiquitous nature of social media, users might be 
accessing them via different devices, which might affect their likelihood 
of engaging in SwoC. For instance, research has revealed that reading 
news on mobile phones could result in a spotlighting effect due to their 
smaller screens (compared with personal computers), which might 
contribute to more in-depth, instead of shallow, processing44,45. Yet, 
other research suggests that users are usually less attentive when read-
ing news or social media posts on their phones46,47 and are more likely to 
fall for misinformation on mobile phones than personal computers48. 
More research is needed to understand differential rates of SwoC across 
different devices and platforms. This can have practical implications 
for curbing the spread of misinformation and promoting the quality 
of news and public affairs information on social media.

In conclusion, social media platforms would do well to learn from 
the behavioural patterns discovered in this study and accordingly 
design interfaces for promoting more systematic, rather than heuris-
tic, processing of public affairs information appearing on them. One 
strategy is to embed general warnings (for example, letting users be 
aware of the prevalence of sharing without clicking), which can serve 
as a literacy message and promote non-specifically induced alertness 
about their news consumption49. Another more effective strategy could 
be providing just-in-time alerts both to users who are about to share 
without clicking and to users who receive shared content (by informing 
them whether or not it has been clicked before sharing). This is akin to 
flagging a post as fake news, which has been shown to inhibit sharing 
of misinformation on Facebook50,51. These strategies may serve to 
foster more informed and deliberate use of public affairs information 
appearing in our social media feeds.

Methods
While the dataset analysed in this study contains behavioural user data 
collected via the Facebook platform, it does not involve recruitment of, 
nor direct user responses from, human participants on an individual 
level. There is no personally identifiable information included in the 
dataset at the individual level, and our implementation of ‘differential 
privacy’ makes it “impossible to determine—in a way that is significantly 
better than random guessing—whether a specific user took an action in 
these data” (p. 9)31. In addition, we as researchers were not involved in 
the data collection process and were only allowed to access the dataset 
and performed analysis with a portion of the dataset relevant to our 
research questions of interest. Thus, this study does not constitute 
human participants research. The general data retrieval and analysis 
processes were approved by Pennsylvania State University’s institu-
tional review board under protocol ID STUDY00010564.

Source data characteristics
In February 2020, Social Science One in collaboration with Facebook 
made the largest social science dataset available to academic research-
ers, namely, ‘Facebook URLs dataset’31. The dataset was designed to 
incorporate variables that can inform the effects of social media on 
elections and democracy. At the time of announcement, the dataset 
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contained Facebook users’ behavioural data, such as likes and shares, 
pertaining to approximately 38 million URLs publicly shared over 100 
times globally between January 2017 and July 2019. The dataset has been 
extended to incorporate more recent user behaviours over the years, 
with the most recent documentation of the dataset dated 12 April 2023 
(version 10), upon which our results are based. This data version includes 
demographics of individuals who viewed, shared and otherwise inter-
acted with web pages (URLs) shared on Facebook starting 1 January 2017 
and up to and including 31 October 2022, which covers about 68 million  
URLs shared as an original post or reshared with ‘public’ privacy set-
tings more than 100 times31. Considering our research goals focused 
on SwoCs, we extracted clicks, shares and SwoCs from 4,617 top-shared 
domains in the United States with political page affinity score assigned, 
stemming from all URLs shared on the platform during a 4-year period 
from January 2017 to December 2020. For the URL-level analysis, we 
extracted users’ behavioural data (recorded in the United States, with 
political page affinity score assigned) amounting to 35 million URLs, 
across 4 years from 2017 to 2020, covering only May to November each 
year. All analyses reported in this article were confirmed and finalized 
by October 2024, after seeking and obtaining assurance from Meta that 
there have been no changes or updates made after October 2022 to the 
URL shares dataset, which is currently in maintenance mode.

The unit of data from the Facebook URLs dataset is based on 
URL-level information (that is, each data row represents information 
about each individual URL (not individual users)). One issue when 
dealing with this type of dataset is that a single or a particular group 
of URLs can reveal sensitive and latent personal attributes of users, 
such as their political affiliation and sexual orientation52. As a solu-
tion, ‘differential privacy’ prevents researchers from detecting whose 
information is included in the dataset by adding noise to the aggregated 
variables, so that those behavioural aggregates offer results within a 
statistically acceptable range instead of actual amount. While there are 
clear benefits of introducing such privacy-protective measures to user 
privacy and ethical research conduct, from a statistical standpoint, it 
may create measurement errors and statistical biases in analysing the 
dataset. To support precise reporting of the data patterns, Messing 
et al.31 provided noise parameters (σ) for the noise added for each user 
behavioural aggregate (for example, σ = 40 for clicks, σ = 14 for shares 
and σ = 10 for SwoCs) to allow data analysts to report statistically signifi-
cant range for each aggregate while guaranteeing privacy protection 
to over 99% of users included in the dataset. To statistically test the 
relationships between variables, we ran ordinary least squares linear 
regression. To note, Meta and associated researchers offer a statistical 
package named Svinfer53 to deal with datasets subject to ‘differential 
privacy’ wherein the noise parameters are known for predictor (inde-
pendent) variables in linear and logistic regressions. However, in our 
case, we assume that the independent variables (that is, content affinity 
and affinity alignment) are not subject to noise for statistical testing 
because we applied Buntain et al.’s32 threshold. Hence, we set the noise 
parameter to zero in Svinfer. While our dependent variables (that is, 
shares and SwoCs) are not free from ‘differential privacy’ noise, Evans 
and King54 note that “it creates only minor statistical problems” (p. 5). 
As can be expected with count data, we found our dependent variables 
to be heavily skewed, but opted to conduct linear regression instead of 
negative binomial regression. As Evans and King54 note, “linear regres-
sion estimates give the best linear approximation to any functional 
form” regardless of the underlying distribution. We compared Svinfer’s 
output with non-Svinfer ordinary least squares linear regression output 
(which we relied on for reporting the estimates required by this journal) 
and found that all coefficients match, with slight variations in standard 
errors that do not alter the statistical interpretation of our analyses.

Construction of major variables
While our main outcome variable, SwoC, is readily available in the 
dataset, the political valence of the URL is not. What the dataset offers 

is a variable classifying political affinity of the users into five cat-
egories (which is one of our three predictors), only for the US data. 
The five categories (−2 to 2) “take the pages people follow and scale 
them into components associated with political affinity”31, based on 
Barberá et al.’s55 approach that was applied to estimate ideological 
preferences of Twitter users. To compute Twitter users’ ideological 
coordinates, Barberá et al.55 identified 406 political Twitter accounts 
with relatively high ideological identification, such as all members 
of the Congress with more than 5,000 followers, the Democratic and 
Republican parties, and media outlets frequently classified as liberal 
(for example, @nytimes) or conservative (for example, @limbaugh). 
Then, they identified users with higher political interest (below the 
20th and above the 80th percentile of ideology distribution among 
those who followed at least ten of those major political accounts) 
and added 800 political accounts most popular among those liberal 
and conservative users. In the end, 1,206 political accounts with over 
3 million location-identified and/or active Twitter users following at 
least one of those accounts were obtained to classify each user’s politi-
cal affinity based on the political accounts they follow. This method 
was validated with external information, including a portion of those 
Twitter users that were matched with their voter registration history, 
statewide ideology averages and roll-call records of major political 
accounts. To calculate the political affinity of the content from the 
Facebook URLs dataset, Buntain et al.32 created a proxy by utilizing 
the political affinity of users. They aggregated the URL-level data into 
domain-level data and selected 2,629 domains, consisting of top 1% 
most shared US domains among the politically engaged Facebook 
users, to generate a political affinity estimate for each domain. Specifi-
cally, they divided shares for each domain based on the five political 
user affinity groups included in the Facebook dataset (−2 = very liberal, 
−1 = moderately liberal, 0 = neutral, 1 = moderately conservative, 
2 = very conservative) and weighted those five affinity group indica-
tors by shares documented for each group. They validated that, when 
the number of shares reaches a point where it is greater than the noise 
added, bias in the computed domain affinity becomes zero. Following 
this approach, we weighted five political group affinity values (−2 to 2)  
by the number of shares for each affinity group at both URL and 
domain levels to calculate the political affinity of content. For instance, 
if a URL/domain is shared 100 times by the −2 affinity group, 150 times 
by the −1 affinity group, 200 times by the 0 affinity group, 250 times 
by the 1 affinity group and 300 times by the 2 affinity group, the  
URL/domain score is calculated as 0.5 = [(100 × −2) + (150 × −1) + (200 
× 0) + (250 × 1) + (300 × 2)]/(100 + 150 + 200 + 250 + 300) = 500/1,000. 
We apply shares as the main engagement metric to calculate the politi-
cal affinity of content following prior applications to Facebook39 and 
 Twitter33. Buntain et al.32 also found that the political affinity scores 
based on shares was not significantly different from those calculated 
on the basis of other engagement metrics such as views and likes. We 
note that this study only focused on sharing behaviours seen across 
URLs from users assigned with a specific political group affinity score 
(excluding behaviours witnessed from user groups unassigned with 
any political group affinity scores and, therefore, unaffected by the 
error in dataset reported by Meta in 2021, which accidentally excluded 
URL aggregates from US users with no political page affinity scores 
assigned). Affinity alignment between users and content on SwoC was 
calculated as the absolute value of the political affinity of content score 
subtracted by the user affinity group score. For instance, a URL/domain 
assigned a 0.5 score via the above calculation would have an affinity 
alignment score of 1.5 with the −1 affinity group (= |0.5 − (−1)|) and a 
score of 0.5 with the +1 affinity group (= |0.5 − (+1)|). This provided us 
a measure of the distance between the political stance of the content 
and that of the user. As associated user behaviours, we also compare 
the data patterns of SwoCs with overall shares (that is, number of users 
who shared the URL in a post or reshared such a post) and clicks (that 
is, number of users who clicked on the URL).
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Data preparation process
For the domain-level analysis, we extracted 5,000 domains with the 
highest number of shared links in the United States from five political 
affinity groups (ranging from January 2017 to December 2020). How-
ever, we found that a small number of domains were missing informa-
tion on some political affinity groups (for example, only having data 
from extremely conservative/liberal groups), which we filtered out, 
yielding a total of 4,975 top domains with scores from all five political 
user affinity groups. Even though top-shared domains tend to have 
sufficiently large shares to avoid bias created by added noise, Buntain 
et al.32 further identified a useful metric that determines the size of 
acceptable shares per domain to have statistical confidence over the 
calculated content affinity scores. They suggested that a minimum 
number of shares for each domain should be over 1.578 multiplied by 
√√√
√

16 × 5 × 3 × 7 ×monthsof data coverage
×numberof domain links × noise estimate of shares  for that domain 

within the Facebook dataset. Based on this equation, 357 domains did 
not exceed the required number of shares for their number of URL links 
and were, thus, excluded from our analysis. One outlier with extremely 
high shares and SwoCs (YouTube) was also excluded. In total, 4,617 
domains were selected for our main analysis, including the  
following ten top-shared domains over the 4 years after youtube.com 
(6 billion shares): giphy.com (1,339 million shares), foxnews.com  
(1,022 million shares), cnn.com (1,012 million shares), nytimes.com 
(913 million shares), washingtonpost.com (855 million shares), tenor.
co (834 million shares), nbcnews.com (651 million shares), dailywire.
com (635 million shares), yahoo.com (578 million shares) and breitbart.
com (537 million shares).

The limitation of domain-level data is that they do not reflect 
content at the level of individual stories. Therefore, we also analysed 
URL-level data. Just as we replicated domain-level analysis with exter-
nally determined media bias ratings, we analysed sharing behaviours 
at the content level to offer more targeted insights relevant to the 
political context of this study. To do so, we analysed URL-level data 
across a 4-year span, for two politically relevant timeframes in 2018 and 
2020 and two general timeframes for comparison in 2017 and 2019. In 
addition, each URL was classified as either political (1) or non-political 
(0) on the basis of a machine-learning-driven political classifier we 
developed for the purpose of this study, since the Facebook dataset 
does not offer any indicators of content type (that is, political versus 
non-political) at the URL level. Specifically, we created an indicator by 
using the Scikit-learn framework for unsupervised machine learning 
to perform topic modelling on the content of the URLs (for example, 
share_title and share_main_blurb) to compile an initial list of politi-
cally relevant keywords (that is, presidential, election, candidate, 
nominee, democrat, republican, independent, vote, Super Tuesday 
and congress), which were used to extract politically relevant URLs 
from the data. Next, we developed a supervised text classifier using the 
Scikit-learn framework. The classifier was trained using 2,000 manu-
ally labelled URLs from the data (1,000 politically relevant URLs based 
on keywords and 1,000 randomly selected URLs without any keyword 
restraints) for each year (amounting to a total of 8,000 URLs for 4 years) 
to balance political versus non-political URLs for manual coding and 
data training. We then tested a suite of machine learning modules and 
methods, including SVM, naive Bayes and logistic regression. A 10-fold 
cross validation approach was used to train and test the performance 
of different methods. We deployed random forest for the study, as it 
outperformed the other modules with performance indicators (that 
is, recall, precision and F1 score) showing above 90% for the 2018 data-
set, which we used for data testing and training. Finally, the classifier 
was applied to the URLs based on the combination of share_title and 
share_main_blurb in each URL, where a value of 1 means the URL is politi-
cally relevant and a value of 0 means it is non-political. Similar to the 
domain-level analysis, we selected URLs that met the threshold of 2,395 
shares for overcoming noise due to ‘differential privacy’, according to 

Buntain et al.’s32 metric for individual URLs, for the May–November 
period (7 months) each year, from 2017 to 2020.

URL-level analyses of the associations between major variables 
(content affinity, alignment and SwoCs) and fake news
To test how content affinity of the political URLs predicts SwoCs, we 
only selected political URLs and excluded the URLs with assigned 
weighted affinity below −2 or above 2 for each year. We acknowledge 
that abnormal ranges in weighted affinity might have resulted from 
the insufficient number of shares for each individual URL due to the 
noise introduced by ‘differential privacy’. Note that we did not need to 
exclude domains with weighted affinity below −2 and above 2 for the 
domain-level analysis, since the weighted affinity scores were distrib-
uted within the predicted range between −2 and 2. As noted earlier, we 
only selected URLs with shares over 2,395, following the suggestions 
of Buntain et al.32. In the 2017 dataset, 1,010,637 URLs (24.09%) out of 
4,195,082 URLs met the share size requirement. In 2018, 1,178,093 URLs 
(16.67%) out of the 7,068,001 URLs met the share size requirement. In 
2019, 1,658,672 URLs (15.79%) out of the 10,503,168 URLs met the share 
size requirement. In 2020, 2,017,701 URLs (14.95%) out of 13,494,326 
URLs met the share size requirement. Note that, while the proportion of 
URLs that meet the size requirement across 4 years ranges from 15% to 
24%, analyses with all URLs showed highly similar patterns (figures are 
identical to the human eye) with smaller coefficient values represent-
ing the effects of our major variables. In addition, one extreme outlier 
among the political URLs in 2017 was eliminated, since it was obscuring 
the visualization of the data patterns. The difference in data patterns 
between political and non-political URLs in 2017 data was found for 
2018, 2019 and 2020 as well (Fig. 2). The coefficient and standard error 
values of content affinity on SwoCs for each year are reported in Sup-
plementary Data Table 1.

To test how the alignment level between the URLs and the users 
affects SwoCs, we again excluded the URLs shared less than 2,395 times 
and with weighted affinity assigned below −2 or above 2. Data patterns 
distinguishing political and non-political URLs were similar for all four 
years (Fig. 3). The coefficient and standard error values of affinity align-
ment on SwoCs each year are reported in Supplementary Data Table 2.

Domain-level replication with external media bias ratings
As an alternative to the content affinity variable that we calculated 
on the basis of shares within the Facebook URLs dataset, we also con-
ducted analyses with two types of domain affinity rating provided by 
an external organization. First, we obtained media bias ratings of 1,888 
domains focused on news outlets offered by AllSides.com. Among the 
4,617 domains included in our main analysis above, 817 domains had 
media bias ratings assigned by AllSides.com (−2 = left, −1 = lean left, 
0 = neutral, 1 = lean right, 2 = right). Second, we borrowed media bias 
ratings developed by Robertson et al.33, which has a relatively large 
sample of 19,022 domains, of which 2,636 domains were included 
in our dataset (−1 = very liberal to 1 = very conservative). When the 
content affinity variable was replaced with the media bias ratings 
from AllSides.com, there appeared a general surge in SwoCs for liberal 
domains and extremely conservative domains (Extended Data Fig. 3, 
left). The curvilinear pattern of content affinity on SwoC approached 
significance for the AllSides ratings, that is, the square of media bias 
scores (b = 2,955,386.05, s.e. 1,520,359.05, P = 0.052; regression model 
R2 = 0.006) demonstrated a U-shaped curvilinear pattern as expected. 
However, the square of Robertson et al.’s domain ratings failed to 
show a statistically significant effect on SwoC (b = −2,492,932.97, s.e. 
4,495,650.67, P = 0.58; regression model R2 = 0.0001).

Next, we calculated the affinity alignment scores using the media 
bias ratings instead of share-based weighted content affinity. Note 
that Robertson et al.’s33 bias ratings were multiplied by 2 when we 
calculated the affinity alignment score to match the 5-point scale 
to the 5-point user affinity group scores. A similar pattern emerged 
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showing that the more aligned the domain is to the user, the more the 
content from that domain was shared without clicking for both media 
bias scores (Extended Data Fig. 4). Statistically, the effect of affinity 
alignment on SwoC for both AllSides (b = −1,861,031.19, s.e. 246,745.23, 
P < 0.001; regression model R2 = 0.014) and Robertson et al.’s33 domain 
scores (b = −936,668.26, s.e. 148,771.50, P < 0.001; regression model 
R2 = 0.003) was significant.

Analysis of fact-checked URLs and those with media bias 
ratings
To perform analysis on false news, we extracted all URLs (1) assigned 
with a specific rating from Third-Party Fact-Checking (TPFC) source, 
(2) shared on Facebook by users assigned a political affinity score 
(that is, political user affinity) and (c) within the period between 2017 
and 2020 (N = 25,007). Category values include true, false, prank gen-
erator, false headline or mixture, opinion, satire, not eligible and not 
rated31. The above political classifier applied to each year was uti-
lized to extract political content from the corpus of TPFC-rated URLs. 
Among all the fact-checked URLs (N = 25,007) coming from user groups 
with political affinity assigned over the span of 4 years, the major-
ity had some misinformation, including those fact-checked as false 
(N = 11,152, 44.60%) and a mixture or false headline (N = 1,619, 6.47%). 
Unrated URLs occupied the next largest portion of the TPFC-rated URLs 
(N = 8,685, 34.73%), followed by those fact-checked as true (N = 1,413, 
5.65%) (Supplementary Data Table 3). When we applied a machine 
learning-based political classifier for each year to select political 
(versus non-political) content (Supplementary Data Table 4), 7,560 
(30.23%) were classified as political URLs. While the majority were 
fact-checked as false, the number of SwoCs per URL was higher for 
content identified as true (Supplementary Data Table 5; values in the 
brackets represent the upper and lower limit of the confidence inter-
vals, accounting for embedded noise of respective user behaviours). 
The aggregates for each user affinity group are outlined in Supplemen-
tary Data Table 6 for false URLs and in Supplementary Data Table 7 for  
true URLs.

Among 7,560 political URLs with TPFC ratings, 1,828 URLs had 
media bias ratings from AllSides.com, and 4,076 from Robertson 
et al.33 (Supplementary Data Table 8). We note that the number of 
URLs fact-checked as true is higher than those fact-checked as false, 
since the domains that have media bias scores are likely to include 
prestigious or popular news domains. First, for AllSides media bias 
ratings, over 70% (110 out of 150) of the URLs identified as false came 
from strongly conservative domains (Supplementary Data Table 9). 
URLs fact-checked as true were relatively balanced in the distribution 
of media bias scores, with more stemming from moderately (61 out of 
189; 32.28%) to strongly (47 out of 189; 24.87%) liberal sources (Supple-
mentary Data Table 10). While the sheer number of shares and SwoCs is 
larger for domains with higher URL counts, when we examined the user 
data per individual link, higher shares and SwoCs of both true and false 
news were witnessed among more liberal sites than conservative ones 
(Extended Data Fig. 5). Second, Robertson et al.’s33 media bias ratings 
were calculated for each domain. The majority of false news shared 
without being clicked came from moderately (359 out of 966; 37.16%) to 
highly conservative (434 out of 966; 44.93%) domains. These domains 
accounted for nearly 70% of SwoCs of false news (Supplementary Data 
Table 11), whereas they attracted half that proportion (35%) of SwoCs 
of true news (Supplementary Data Table 12).

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Access to Facebook data was granted via Social Science One, with all 
researchers in need of access to Facebook data signing a Research 

Data Agreement between Facebook, Inc. and the Grantee institution 
(Pennsylvania State University). Details about these data, including the 
codebook, can be found at the Social Science One Dataverse repository 
at https://socialscience.one/facebook-dataverse.

Code availability
Researchers were allowed special access to a JupyterHub system that 
provides an interface to query the data. Information to obtain authen-
tication and access to JupyterHub, as well as resources for data analy-
sis, was communicated through an invite-only GitHub organization 
(https://github.com/fb-researchtool-ss1). All data were retrieved, pre-
pared and analysed via Python programming language (version 3.10.11) 
with the following packages: NLTK (version 3.8.1) and scikit-learn (ver-
sion 1.2.2). Examples of major Python codes used for data retrieval, 
preparation and analysis can be found via GitHub at https://github.
com/geocomplexity/SwoCMetaURL.
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Extended Data Fig. 1 | SwoCs and shares of political URLs rated as false (left) and true (right) news by five political affinity groups. While hardly visible, error 
ticks are applied to account for noise embedded to shares (σ = 14) and shares without clicks (σ = 10)). σ is a noise parameter calculated by Meta for each user action, 
including shares and shares without clicks.
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Extended Data Fig. 2 | Distribution of domain-level content affinity. Distribution of all 4,617 domains (left), 817 domains with AllSides media bias ratings assigned 
(middle), and 2,636 domains with Robertson et al.’s (33) media scores assigned (right).
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Extended Data Fig. 3 | Relationship between domain-level content affinity and SwoCs among domains with external ratings of media bias. Data based on 
AllSides (left) and Robertson et al.’s (33) (right) ratings.
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Extended Data Fig. 4 | Relationship between domain-level affinity alignment and SwoCs among domains with external ratings of media bias. Data based on 
AllSides (left) and Robertson et al.’s (33) (right) ratings.
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Extended Data Fig. 5 | SwoCs and shares of fact-checked political URLs from media sources rated by AllSides. Data for false (left) and true (right).
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