Appendix 2 — Results of data characterization and methods coding



Author | Topic Data Collection method Approach Forecasting
[15] ILI 4.7m tweets Keyword list B: keyword occurrence Logistic ARX
[5] ILI 4.9m Keyword list R: rule-based classifier, Logistic ARX
tweets DT, NB
[39] ILI 1k tweets Single keyword / L: term statistics -
geographic location | R: SVM
[7] ILI 400k tweets Single keyword R: rule-based classifier, -
logistic regression, SVM,
NB, RF
C: k-NN
[32] ILI 159K tweets Single keyword / R: probabilistic classifier, -
geographic location | SVM
[59] D 11m tweets Keyword list R: rule-based classifier -
(POS tagging)
[58] ILI 300m tweets Keyword list R: SVM, rule-based Autocorrelation
classifier, logistic
regression
[27] ILI 14m tweets Keyword list R: SVM, NB, RF, DT Linear regression
C: k-NN model
[41] ILI 34k tweets Keyword list C: HFSTM probabilistic LASSO linear
topic modelling (Markov / | regression
LDA)
Expectation Maximisation
Algorithm
[40] ILI 34k tweets Automatic keyword | C: HFSTM probabilistic LASSO Linear
generation topic modelling (Markov / | Regression
LDA)
Expectation Maximisation
Algorithm
[16] ILI 2m tweets Chi-squared B: keyword occurrence -
[42] ILI 121m tweets Single keyword C: spectral clustering, k- -
means clustering, PDE
modelling
[17] ILI Tweets Keyword list B: keyword occurrence -
unknown
[60] ILI 570m tweets Keyword list R: probabilistic classifier, Linear regression
rule-based classifier
[6] ILI 574K tweets Simple and Multiple | R: probabilistic classifier, BOW classifier with
Linear Regression rule-based classifier linear regression
[25] ILI, 570m tweets Keyword list R: logistic regression, Linear regression
Alco SVM, DT Support vector
regression
[46] ILI 1k tweets Keyword list R: rule based classifier, NB | -
[61] ILI 2.2K tweets Knowledge based R: NB -
L: word embedding
[18] D 6.5K tweets Keyword list B: keyword occurrence -
[49] D 636 texts and Expert generated R: rule-based classifier -
pseudo-tweets keywords (POS tagging), SVM
[19] D 450k tweets Keyword list B: keyword occurrence -

C: LDA




[29] ILI 587m tweets Simple and Multiple | R: rule based classifier -
Linear Regression /
Knowledge

[20] ILI Tweets Keyword list B: keyword occurrence -

unknown

[63] ILI Tweets Keyword list L: Markov Chain State Gaussian based

unknown based on BOW

[21] FBI 2.2K tweets Keyword list B: keyword occurrence -

[11] FBI 294k Yelp Keyword list R: probabilistic classifier -

reviews

[65] ILI 2.7K tweets Keyword list R: SVM -

[66] ILI 8.6 m tweets Keyword list R: probabilistic classifier Linear regression
with ridge
regularisation

[12] FBI 152k Yelp Restaurant reviews R: semantic classifier , -

reviews SVM
[13] FBI 14.7k forum Restaurant reviews R: rule-based and semantic | -
posts classifier, SVM, NB
C: k-NN
L: term statistics
[31] ILI 4Kk tweets Keyword list R: rule based classifier, NB | -
[67] ILI 160Kk daily Manual & automatic | R: probabilistic weighted Linear regression
tweets knowledge based classifier (flu-score),
LASSO
[68] ILI 200k daily Automatic R: probabilistic weighted -
average tweets knowledge based classifier (flu-score),
BOLASSO
[69] PH 6.3m tweets Keyword list R: SVM, NB, RF -
L: term statistics, POS
tagging

[70] D 37.5Kk tweets Keyword list R: probabilistic classifier -

[52] ILI 3Kk tweets Geographical R: rule-based classifier Autoregressive

location forecasting

[22] ILI, D 170k tweets Keyword list / B: keyword occurrence -

geographical location

[43] PH 430k tweets Single keyword R: SVM, NB -

C: k-NN
L: POS tagging
[10] FBI 4K Yelp reviews | Restaurant reviews B: keyword occurrence -
[71] ILI 1.6m tweets Keyword list R: SVM -
L: frequent pattern analysis
[34] PH 2 billion tweets | Keyword list R: SVM -
L: LDA

[37] PH 2 billion tweets | Knowledge based R: SVM -

generation L: LDA




[33] ILI 2m tweets Knowledge based R: SVM -
keyword generation | L: LDA
[23] ILI 135k tweets Single keyword B: keyword occurrence -
[48] D 100m tweets Knowledge based L: POS tagging, Temporal | -
generation Topic Modelling
[35] FBI 3.8m tweets Geographical R: SVM -
location
[53] FBI 16k average Geographic location | R: SVM -
daily tweets
[72] ILI Tweets Keyword list R: Stacked linear Logistic ARX
unknown regression, SVM, Adaboost | forecasting
- decision tree regression
[73] ILI 14m tweets Keyword list R: NB -
[38] FBI 71k Yelp Keyword list / L: term statistics Logistic regression
reviews semantic features
[75] ILI 950k tweets Keyword list R: Support Vector -
Regression
[76] ILI 6k tweets Keyword list R: SVM -
[77] ILI 12k tweets Keyword list L: word embedding -
[78] ILI, IID | 84.5m tweets Knowledge based R: SVM, NB Autoregressive
generation forecasting
[44] ILI 240m tweets Knowledge based L: word embedding, term -
keyword generation | statistics
[62] ILI 2.9mtweets Single Keyword B: keyword occurrence Partial Differential
Equation analysis
[36] PH 261m tweets Keyword list R: NB -
[24] PH 7.5m tweets Hashtag B: keyword occurrence -
[47] PH 46m tweets Keyword list R: probabilistic classifier, -
rule-based classifier
[64] PH, ILI | Tweets Keyword list R: rule-based classifier Logistic regression
unknown
[45] 11D 585m tweets Automatically R: Elastic Net Regression, | -
generated keyword Gaussian process
list covariance function
L: word embedding
[74] ILI 13.5m tweets. Keyword list R: SVM, multinomial -
logistic regression, NB
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