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Supplementary Text S1

Country-level attributes

For each country, we collected attributes that could be relevant predictors for the importance in

driving  the  flow of  news  articles  on  spiders  in  the  network.  The variables  and  sources  are

described in the following sections.

News-related variables

Based on the original database, we calculated the number of news published in each country

between 2010–2020 (“N° of news”), the proportion of sensationalistic news (“Sensationalism”;

see pie charts in  Figure 1), and the proportion of news containing errors (“Errors”). We also

extracted the most widely spoken language in each country (“Language”).

Spider-related variables

For each country, we derived the known number of spiders (“N° of spiders”) and the number of

deadly spiders (“N° of deadly spiders”) to test our hypothesis that countries with more spiders,

especially  medically  important  species,  would  have  a  higher  degree  of  centrality  and

connectedness. We first downloaded the daily species export from the World Spider Catalog1 on

01 September 2021. We translated the distribution (country, continent,  or range of countries)

given by the WSC for each species into a list of corresponding 3-letter ISO country codes. For

example, we translated “North America” to the list “CAN, MEX, USA,” and “Egypt to Yemen”

to “EGY, SAU, YEM.” We used this dataset to extract the total number of species present in

each country in our spider news database. We then searched for published checklists of spider

species for each country. For countries with checklists (n = 53), we compared the total number of

species reported from the checklist to the estimate generated from the WSC and used the larger

estimate for analyses. For countries without a checklist (n = 28), we used the WSC estimate. To

estimate the number of ‘deadly’ spiders (i.e., species capable of fatal envenomations), we used

the WSC dataset described above to extract records of spider species in all genera considered to

be medically important (Atrax,  Hadronyche,  Hexopthalma,  Illawarra,  Latrodectus,  Loxosceles,

Phoneutria,  and  Sicarius; Vetter  and  Isbister  2008)  for  each  country.  We then  checked  all
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published country checklists for records of species in these genera and added them to the dataset

if they were missing from the WSC data. Finally, we checked the literature (including country

checklists and the primary taxonomic literature) to determine whether each ‘deadly’ species in

the WSC dataset had been recorded from each country. If we found no evidence that a species

had been recorded from a given country,  it  was  scored as  ‘not  present,’  unless  it  had been

recorded from neighboring countries, in which case it was scored as ‘presumed present.’ We

included records of introduced species that had been recorded even from a single specimen. 

Furthermore,  we calculated  the  number  of  spider  experts  (arachnologists)  working in

each country (“ISA”) to test our hypothesis that news articles that interviewed arachnologists

were less likely to be sensationalist and have factual errors. We approximated this number from

the  anonymized  member  list  by  country  of  the  International  Society  of  Arachnology

(https://arachnology.org/) in 2021. This information was provided to us by the president of the

society (Dunlop J.A., personal communication on 1 September 2021). 

Socio-economic descriptors

We derived a number of socio-economic descriptors for each country, based on the UNESCO

Institute of Statistics (UIS) and other sources (specified below). The UIS provides free data on

more than 1,000 indicators which may be found in the UIS Data Centre. The UIS Data Centre

collects these data from more than 200 countries and international organizations (all data from

UIS  were  last  updated  on  24  October  2016;  we last  accessed  them on 21  July  2021).  We

hypothesized that countries with a higher education level (including education index, reading

score,  and  science  score),  degree  of  communication  (i.e.  internet  users),  development  index

(including  the  Human Development  Index and the  number  of  researchers),  as  well  as  press

freedom, would have a higher degree of centrality and connectedness among countries. 

As proxies for education level in the country, we extracted the country education index

(“Education”),  the Programme for International  Student  Assessment  (PISA) score in  reading

(“PISA reading”), and the PISA score in science (“PISA science”).  The education index is an

average of mean years of schooling of adults and expected years of schooling of children, both

expressed as an index obtained by scaling with the corresponding maxima. We derived this index

based  on  expected  years  of  schooling  and  mean  years  of  schooling  from  UIS
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(http://hdr.undp.org/en/data). PISA scores are obtained by testing skills and knowledge of 15-

year-old students in reading and science; we sourced these indices from the Organisation for

Economic Cooperation and Development, PISA results for 2018 (www.oecd.org/pisa; accessed

on 8 September 2020).

As a proxy for the degree of development in communication, we calculated the number

of internet users (“Internet users”), namely the number of people with access to the worldwide

network by country. We sourced internet users from the International Telecommunication Union

(www.itu.int/en/ITU-D/Statistics/Pages/stat/; accessed on 2 September 2021).

As  a  proxy  for  country  development,  we  calculated  the  Human Development  Index

(“HDI”) and the number of researchers in the country (“N° of Researchers”). HDI is a composite

index measuring average achievement in three basic dimensions of human development—a long

and  healthy  life,  knowledge,  and a  decent  standard  of  living.  We expressed  the  number  of

researchers  per  million  inhabitants  in  full-time equivalent  from  the  UIS

(http://data.un.org/Explorer.aspx?d=UNESCO&f=series%3aC_N_500032). 

Finally, we derived two variables related to journalism, The World Press Freedom Index

(“Press Freedom”) by the Reporters without Borders (https://rsf.org/en/ranking_table; accessed

on 2  September  2021) and the  number of  newspapers  (“N° of  Newspapers”)  from the  UIS

(http://data.un.org/Data.aspx?d=UNESCO&f=series%3aC_N_500032#UNESCO).

Data exploration

For data exploration, we followed the general protocol by Zuur et al.2.

Handling of missing data

Most socio-economic descriptors had missing data (i.e.,  we could not derive  information for

some countries). Depending on the variables, the proportion of missing data ranged from 1–30%.

Since exponential random graph models do not allow missing data and considering the high level

of  multicollinearity  (the  existence  of  a  high  correlation  between  covariates)  among  socio-

economic descriptors, we decided to impute missing data. We used data imputation based on

multiple linear regressions, as implemented in the function fill  of the R package ‘BAT’ version

2.7.13,4.  The  predicted  value  for  missing  observations  is  obtained  by regressing  the  missing
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variable  on  other  variables.  This  preserves  relationships  among  variables  involved  in  the

imputation model, but not variability around predicted values. Therefore, it is recommended to

perform imputation only when the number of missing data is low. Based on evidence from trait-

based  ecology5,  we  decided  to  exclude  any  variable  with  >4% missing  data,  namely  PISA

reading (30.86% missing data) and PISA science (29.63%). Note that both PISA indexes were

positively correlated with HDI and Education (all Pearson’s r > 0.65). We performed imputation

for Education (2.47% missing data), Internet users (2.47%), N° of Newspapers (3.7%), Press

Freedom (1.23%), and HDI (2.47%). 

Variable distribution and outliers

We  checked  variable  distribution  and  the  presence  of  outliers  using  Cleveland’s dotcharts.

Following this visual inspection, we log-transformed N° of news, ISA, and N° of newspapers

homogenized to their distributions. We also scaled all continuous variables to facilitate model

convergence. Furthermore, we checked the balance of the number of observations for levels in

the variable Language. To balance factor levels, we grouped all Languages with less than 10

observations in the category ‘Others’. Also, since English is the most international language, we

have set ‘English’ as the baseline. 

Multicollinearity

We  checked  multicollinearity  among  covariates  using  Pearson’s  r correlations,  setting  the

threshold  for  collinearity  at  |r|  >  0.5.  The  introduction  of  highly  correlated  predictors  in  a

regression model often leads to a confusing statistical analysis where, for example, dropping one

covariate can make others significant or change the sign of estimates2.  Figure S2 illustrates the

results  of  the  multicollinearity  check,  including  correlations  within  the  levels  of  the  factor

Language. As a result of this analysis, we excluded ISA and N° of newspapers as they were

reciprocally correlated (r = 0.7) and both positively correlated with N° of news (both r > 0.6).

We excluded  HDI  and  Education  as  they  were  reciprocally  correlated  (r  =  0.95)  and  both

correlated with Internet users (both r > 0.8). Finally, we excluded N° of deadly spiders as it was

collinear with N° of spiders (r > 0.8).
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Table S1. Estimated regression parameters for the model of sensationalism. Model estimates

are based on a Bernoulli generalized linear mixed model (eq. 1). CI = confidence interval.

Predictors Odds Ratios CI p-value

Intercept 0.23 0.11 – 0.47 -

Year 1.02 0.94 – 1.12 0.588

Type_of_newspaper [Magazine] 1.04 0.78 – 1.40 0.778

Type_of_newspaper [Online newspaper] 0.99 0.83 – 1.18 0.910

Circulation [International] 1.42 1.12 – 1.82 0.005

Circulation [National] 1.66 1.40 – 1.96 <0.001

Type_Event [Bite] 0.73 0.60 – 0.90 0.002

Type_Event [Deadly bite] 0.94 0.66 – 1.35 0.742

Photo_species [yes] 1.35 1.14 – 1.59 <0.001

Photo_bite [yes] 2.48 1.98 – 3.10 <0.001

Error [yes] 2.21 1.89 – 2.59 <0.001

Expert_doctor [yes] 1.04 0.82 – 1.30 0.759

Expert_arachnologist [yes] 0.61 0.50 – 0.75 <0.001

Expert_others [yes] 0.93 0.74 – 1.17 0.531
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Table S2. Estimated regression parameters for the model of errors.  Model estimates are

based on a Bernoulli generalized linear mixed model (eq. 2). CI = confidence interval.

Predictors Odds Ratios CI p-value

(Intercept) 0.26 0.13 – 0.51 -

Year 0.98 0.90 – 1.07 0.608

Type_of_newspaper [Magazine] 1.11 0.83 – 1.48 0.496

Type_of_newspaper [Online newspaper] 1.08 0.91 – 1.28 0.381

Circulation [International] 1.14 0.90 – 1.45 0.271

Circulation [National] 1.24 1.05 – 1.47 0.011

Type_Event [Bite] 2.53 2.09 – 3.06 <0.001

Type_Event [Deadly bite] 3.01 2.10 – 4.33 <0.001

Sensationalism [yes] 2.38 2.03 – 2.80 <0.001

Expert_doctor [yes] 1.03 0.83 – 1.30 0.766

Expert_arachnologist [yes] 0.86 0.70 – 1.05 0.131

Expert_others [yes] 1.12 0.90 – 1.40 0.322
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Table S3. Estimated regression parameters for the model of centroid importance of the

country in the network.  Model estimates are based on a negative binomial generalized linear

model (eq. 3). CI = confidence interval.

Predictors Incidence Rate Ratios CI p-value

(Intercept) 20.61 14.44 – 29.42 -

Sensationalism 1.21 0.92 – 1.58 0.175

Errors 1.00 0.75 – 1.34 0.997

Internet users 1.41 1.09 – 1.84 0.010

Press freedom 1.04 0.77 – 1.39 0.811

N° of spiders 1.39 1.07 – 1.82 0.015
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Table S4. Estimated parameters for the probability of network nodes to form connections.

Model estimates are based on an exponential random graph model (eq. 4). SE = Standard error;

CI = confidence interval.

Predictor Estimate SE CI z p-value

edge 0.36 0.18 0.00 – 0.72 1.96 -

nodeCov(Sensationalism) 0.20 0.04 0.12 – 0.28 4.92 <0.001

nodeCov(Errors) 0.11 0.05 0.01 – 0.2 2.20 0.028

nodeCov(N° of spiders) 0.54 0.04 0.47 – 0.61 14.56 <0.001

nodeCov(Internet users) 0.54 0.04 0.47 – 0.62 14.18 <0.001

nodeFactor(Language [Arabic]) -0.83 0.18 -1.20 – -0.47 -4.53 <0.001

nodeFactor(Language [Others]) -0.36 0.11 -0.57 – -0.14 -3.29 0.001

nodeFactor(Language [Russian]) -1.75 0.15 -2.04 – -1.46 -12.00 <0.001

nodeFactor(Language [Spanish]) -1.33 0.13 -1.58 — -1.08 -10.52 <0.001

nodeMatch(Language) 0.44 0.12 0.20 — 0.68 3.63 <0.001
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Table  S5.  Estimated  parameters  for  the  drivers  of  the  number  of  connections in  the

network. Model estimates are based on a Poisson generalized exponential random graph model.

SE = Standard error; CI = confidence interval.

Predictor Estimate SE CI z p-value

edge 0.64 0.01 0.62 – 0.66 54.75 <0.001

nodeCov(Sensationalism) 0.35 0.01 0.34 – 0.37 65.28 <0.001

nodeCov(Errors) 0.01 0.01 0.00 – 0.02 1.35 0.078

nodeCov(Internet users) 0.68 0.01 0.66 – 0.69 99.79 <0.001

nodeCov(N° of spiders) 0.38 0.01 0.37 – 0.39 107.21 <0.001

nodeMatch(Language) 0.45 0.01 0.43 – 0.48 34.42 <0.001
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Figure S1.  Connections among countries in the network.  One-mode (or unipartite) network

projected from a bi-partite  network (Figure 1) showing relationships  among nodes of type 1

(countries).  Size  of  each node is  proportional  to  the number of  spider-related  news a given

country  has published between 2010 and 2020. Color coding for nodes  refers to the primary

language of each country. Connection thickness weights the number of times a given country has

reported on human-spider encounters occurring in another country.
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Figure S2.  Multi-collinearity among country-level attributes.  Correlations are expressed as

Pearson’s r. 
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Figure S3. Drivers of the number of connections in the network. Estimated parameters for the

number of connections formed by each country within the network, according to a generalized

exponential  random  graph  model.  Error  bars  indicate  standard  errors.  Estimated  regression

parameters and p-values are in Tables S5.
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