Methods
Data Collection and Filtering
The study applied to the Tracking Infrastructure for Social Media Analysis (TrISMA) resource held at Queensland University of Technology to obtain a sample of publicly available tweets posted by the most active Twitter users (individuals or organisations) in Australia. Messages referring to skin cancer, sun-related behaviours, such as sunscreen use, and those relating to the National Skin Cancer Action Week (NSCAW) were of interest. 
TrISMA was filtered to retrieve tweets from December 1, 2018, to February 28, 2019. The NSCAW dataset was filtered from November 1, 2018, to February 28, 2019, according to the duration of the campaign. To select the most relevant keywords and hashtags related to the topic, preliminary searches were conducted on Twitter to choose those used by Australians, and accordingly, five datasets were compiled: “Slipsloslap”, “Sunsmart”, “Sunscreen”, “Skincancer”, and “NSCAW”. The related search strategy is described in Table S1.

	[bookmark: _GoBack]Table S1. Keywords and hashtags applied for each dataset

	Dataset
	Keywords and hashtags

	Slipslopslap
	Matches any tweet containing the strings “slip”, “slop” and “slap”, in that order, with any other text in between; this matched variations, such as "slip, slip and slap", slip slop slap, slipslopslap, or "slip, slop, slap, slide"

	Sunsmart
	Sunprotect/Sunsmart/Sunsafe
Match any tweet where the text contains the string “sunprotect” or “sunsmart” or “sunsafe” with an optional space; the match is not tokenised, so any word containing these terms was included, such as sun smart, SUNSMART, sunsafe, sun safety, sunprotect, sun protection, or sun protected

	Sunscreen
	Sunscre*/Sunblock
Match any tweet where the text contains the string “sunblock” or “sunscre” with an optional space; the match is not tokenised, so any word containing sunscre/sunblock was included, such as sun screen, sunscream, sunblock, sun block, SUNBLOCK, or sunblocker

	Skincancer
	Skincanc*/Melanoma
Matches any tweet containing the string “skincanc” (with an optional space) or “melanoma”; examples include skin cancer, skincancer, melanoma, melanomas, or melanoma’s

	NSCAW
	#Ownyourtone/#NationalSkinCancerActionWeek
Only hashtags were used in this search and these matched only tweets applying to the NCSAW # campaign

	NSCAW, National Skin Cancer Action Week.



Tweets were not filtered with regard to demographic details or location but kept broad to represent all of Australia. For each dataset, 1,000 random tweets were selected, applying an automated random sampling strategy [22]. The first 100 tweets of each dataset were then individually analysed to decide whether or not additional cleaning would be necessary. Tweets were considered for exclusion if they were not written in English and if the content of the tweet did not refer to or was unclear if it was associated with the topic. If the first 100 random tweets had fewer than 10 excluded tweets, the complete dataset was used in the study without further cleaning. If the random 100 tweets had 10 excluded tweets or more, all 1,000 random tweets were manually cleaned. The datasets manually cleaned and the number of tweets excluded are described in Table 1.
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[bookmark: _Toc10193620]To provide a snapshot of communication patterns, Tableau software was applied to visually analyse the distribution of the number of tweets over time for each data set. Tableau was also applied to visualise a possible relationship between temperature and number of tweets over time. Since a considerable number of tweets appeared to be from New South Wales and Victoria, and grey literature suggests that more than half of the Twitter users in Australia are from Sydney and Melbourne [23], the average maximum temperature of those cities was used for the visualisation of tweet patterns [24]. Simple linear regression was applied to assess the relationship between maximum temperature and the number of tweets per day. Because regression models assume residuals to be independent, the Durbin-Watson test was carried out to test for linear autocorrelation between consecutive residuals (first-order effects); however, no evidence of linear autocorrelation in residuals was discovered (range 1.5–2.5). Hence, univariate linear regression models were used. However, as the Twitter data follows a time series, there is possible autocorrelation of higher orders and non-linear relationships within data, for which the Durbin-Watson statistic does not account. Therefore, Granger causality and instantaneous causality tests were also applied to test for the causality between maximum temperature and number of tweets per day, over time in probabilistic terms.

Qualitative Analysis 
Content Analysis 
Qualitative analysis was applied to investigate more deeply the quantitative findings and communication patterns observed. This was performed by extracting the tweets from the 2 days with the highest volume of tweets for further content analysis. The content analysis was performed based on a general inductive approach according to the main themes encountered [25]. 
NSCAW Campaign
Analysis of the NSCAW campaign of the summer of 2018/2019 was conducted to identify the type of Twitter users who engaged in the campaign and its possible reach. This was done by an analysis of the contributors, who were divided into four major categories (individuals, celebrities, health organisations, and other organisations). An individual was considered a celebrity if their number of followers was greater than 50,000. The reach of the campaign and its contributors was estimated by calculating impressions: multiplying the number of NSCAW tweets from each different contributor by the number of followers [20]. Impressions represent the number of times tweets were exposed on different timelines, representing their potential reach.
Most Retweeted and Liked Tweets
Analysis of the most retweeted and liked tweets from each dataset was conducted to investigate which type of information and which Twitter users may be the most influential when tweeting about skin cancer prevention. 
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