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Abstract

Background

To effectively respond to acute respiratory infections such as influenza, timely information about the spread 
of disease is required. Surveillance methods that train machine learning models on Google Trends data 
have been developed to forecast outbreaks. Our aim was to examine the feasibility of forecasting influenza 
rates for states and territories in Australia using Google Trends data. 

Methods

Weekly search volume data across 2018 and 2019 from Google Trends, for each state and territory in 
Australia excepting the Australian Capital Territory, were compared to weekly influenza notifications 
from the National Notifiable Disease Surveillance System (NNDSS). Four supervised machine learning 
regression models were developed: elastic net; support vector regression; random forest; and feedforward 
neural network. Models were fitted independently to data from each state and territory, considering 
nowcast (current week) and forecast (one and two weeks ahead) predictions. 

Results

The results show that Google search volumes are correlated with reported influenza rates over time. 
Random forest and elastic net models generally showed better predictive performance compared to 
other models. Each modelled state and territory, except the Northern Territory and Tasmania, showed 
at least two search queries with moderate to strong Pearson correlation with the influenza notifications. 
The forecast accuracy (measured by the Pearson correlation coefficient) for the best-performing model 
varied by state or territory (from -0.353 to 0.977) and accuracy was lower for forecasts for one week and 
two weeks ahead.

Conclusion

Combinations of Google search data and machine learning showed predictive utility for forecasting weekly 
influenza rates in Australian jurisdictions, with lower accuracy in jurisdictions with smaller populations. 
Future work should investigate specific keywords by location exploring disease prediction at a more 
geographically specific level, with considerations for smaller populations and robustness over time.

Keywords: infectious diseases; influenza; machine learning; artificial intelligence; surveillance
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Introduction
Acute respiratory infections cause considerable 
morbidity and mortality, as well as social and 
economic burden. In 2019 there were 313,033 
notifications of laboratory-confirmed influenza in 
Australia, almost three times higher than the five-
year average.1 While the burden of disease due to 
influenza eased during the Australian COVID-19 
pandemic response,2,3 influenza transmission 
and disease burden has since returned to 
near pre-pandemic levels. There were 225,332 
notifications of laboratory-confirmed influenza 
and 308 associated deaths in 2022,4 and 252,296 
notifications and 376 influenza associated deaths 
in 2023.5

The aim of surveillance is to provide detailed 
information about infectious disease incidence to 
inform public health planning and response, and 
to estimate future incidence as early as possible. 
Infectious disease surveillance in Australia relies 
predominantly on notifiable disease data which 
is collated in the National Notifiable Disease 
Surveillance System (NNDSS).6 Currently, data 
collected in the NNDSS includes information 
on the number of notified cases, onset or 
specimen collection date as well as demographic 
information.7 

Notification data collected at the state level 
is timelier and often more detailed than data 
collected by NNDSS, as automated notifications 
often come directly from the notifier (e.g. lab, 
clinician) and additional details can be collected 
during follow up, often with the case. States and 
territories collect identifying information under their 
relevant public health acts. However, as individual 
influenza cases are not routinely followed up, the 
state-level notification data is typically less detailed 
than for numerous other diseases. The influenza 
notification data which is currently available is 
considered an underestimate of the true burden 
of disease.8 There are also a number of other 
influenza surveillance systems within Australia 
which collect data to enhance public health 
response, including FluTracking9 and the Australian 
Sentinel Practice Research Network (ASPREN).10

New surveillance methods have emerged, 
using social media data and Google Trends 
in conjunction with machine learning (ML) 
models, to predict disease outbreaks.11–14 
Influenza surveillance using Google Trends 
data and ML models has been shown to be 
timelier in providing an early warning system.12,15 
Previous research has identified a number 
of key factors to develop the most accurate 
machine learning models for influenza prediction. 

This includes limiting keywords to those relevant 
to clinicians to reduce extraneous noise from 
internet data;16 appropriate and complete 
outcome variables available; comprehensive data 
preprocessing; and creating additional variables 
to enhance model performance. The selection 
of modelling techniques is also important and 
can include decision trees, neural networks and 
support vector regression.17–19

The aim of this study was to compare the 
performance of several machine learning models 
for predicting future notified influenza rates using 
Google Trends data in Australian states and 
territories. 

Materials and methods
Four forecasting regression models (elastic net; 
support vector regression; random forest; and 
feedforward neural network) were trained and 
evaluated for their predictive accuracy of influenza 
rates based on Google Trends data. The predictive 
accuracy was assessed using the mean absolute 
error, Pearson correlation coefficient, peak 
week difference, and peak magnitude difference 
between the estimated and actual influenza 
incidence rates. 

Data

The data used in this study included a duration of 
104 weeks from the first week of 2018 to the last 
week of 2019. 

Publicly available state and territory level 
laboratory-confirmed weekly influenza notifications 
from the National Notifiable Disease Surveillance 
System (NNDSS) were used.7 This dataset does 
not include data for the Australian Capital Territory. 
Thus, our analysis concerns influenza notifications 
for New South Wales, Victoria, Queensland, 
Western Australia, South Australia, Tasmania, and 
the Northern Territory. Based on the 2019 census,20 
the populations of the states and territories used in 
this study were: 

•	 New South Wales: 8,166,401

•	 Victoria: 6,680,648

•	 Queensland: 5,184,847

•	 Western Australia: 2,639,222

•	 South Australia: 1,770,591

•	 Tasmania: 541,500

•	 Northern Territory: 245,929
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We expect the number of influenza notifications 
would be higher for larger populations. The 
number of notifications per week was aggregated 
to represent the number of influenza cases that 
week. There were five missing weekly notifications 
in the Northern Territory. We assumed there were 
no influenza incidences in these five weeks for the 
Northern Territory and assigned 0 for those weeks. 
For consistency with Google Trends data, we 
scaled the influenza data for each jurisdiction to a 
range from 0 to 100.

We obtained Google search data from the Google 
Trends website,i a free tool with aggregated 
search volumes for user-submitted queries. 
Search volume is anonymised and normalised 
in comparison to all searches on the Google 
search engine for a given period, accounting 
for geolocation, category, and time frame. 
This normalisation scales the data from 0 to 100, 
with 0 and 100 corresponding to the lowest and 
highest search volumes, respectively, across the 
search period. Google Trends provides samples 
using real-time or retrospective data.21 

We collected weekly retrospective search data 
for 22 influenza-related keywords from 1 January 
2018 to 29 December 2019, for each of the seven 
Australian regions listed above. Keywords were 
selected based on prior influenza surveillance 
studies, which found that clinician-focused search 
terms outperform generic population search terms 
for detecting influenza activity and reducing noise 
from media coverage and seasonal variations.16 
Searches from the general population are more 
heavily impacted by media coverage and seasonal 
concern. Clinician search terms are more likely 
to be associated with real cases of disease as 
healthcare professionals are more likely to search 
for specific clinical presentations, treatment 
guidelines, or diagnostic criteria.

Without an established Australian methodology for 
identifying optimal influenza-related keywords, we 
used a keyword set previously shown to perform 
well in international surveillance studies and 
evaluated its applicability in the Australian context. 
The full list of search terms based on previous 
influenza surveillance research are available below 
in Table 1.

i https://trends.google.com/trends.

Table 1: Complete list of Google Trends search 
terms used

Keyword References

Influenza 16, 22, 23

Tamiflu 16, 24, 25

Pneumonia 16, 23

Bronchitis 16, 24, 26

Flu 16, 23, 27

Rhinovirus 16, 24, 26

Haemophilus influenzae 16, 24, 26

Parainfluenza 16, 24, 26

H1N1 16, 23

H7N9 16, 23, 24

H5N1 16, 24

H3N2 16, 23

Grippe 16, 23

Gripe 16, 28

Adenovirus 16, 24, 26

Respiratory syncytial virus 16, 23, 24

Metapneumovirus 16, 24, 26

Bordetella pertussis 16, 24

Mycoplasma pneumoniae 16, 23, 24

H9N2 16, 23, 24

Sinusitis 16, 23, 24

Upper respiratory tract infection 16, 24, 26

Modelling

Initially, we performed correlation analysis by 
visually comparing the trends of state and territory 
level influenza rates and Google Trends data for 
each keyword. Subsequently, we applied Pearson 
correlation between the state and territory level 
influenza data and the corresponding Google 
Trends data to observe any significant positive 
correlation with the influenza rates. Four machine 
learning models for predicting influenza rates 
from Google Trends data were then developed. 
The models were fitted separately to each state 
and territory data. Below we detail the variables, 
models, experiments, and performance measures 
applied to investigate the predictive performance.

For each state and territory, the scaled weekly 
NNDSS influenza rate was used as the outcome 
variable. The weekly Google Trends search volume 
for each of 22 keywords corresponding to the 
geographic region of concern were considered as 
predictor variables.

https://trends.google.com/trends


Commun Dis Intell (2018)  2026;50 • doi.org/10.33321/cdi.2026.50.051 • Epub date: 29.09.2026	 7

1.	 Elastic net regression: a regularised linear regression technique that reduces overfitting by 
shrinking or eliminating unreliable predictors when predictors are highly correlated. This makes 
it useful for influenza forecasting from multiple related Google Trends search data, where 
multicollinearity is a frequent challenge. A crucial hyperparameter, l1_ratio, controls how much 
weight is given to the lasso (L1) compared to the ridge (L2) penalty. This is important as the balance 
between L1 and L2 penalties impacts which predictors are selected and how reliable the predictions 
are.29–31

2.	 Support vector regression: a kernel-based method that models complex nonlinear relationships by 
fitting a flexible function that minimises prediction error while maintaining model simplicity. Its ability 
to use kernel functions, such as radial basis or polynomial kernels, makes it well suited for influenza 
forecasting, where transmission dynamics often exhibit nonlinear patterns. Effective performance 
of the model depends on tuning key hyperparameters, including the kernel type and degree, the 
regularisation parameter, and the width of the ε-insensitive error zone, which together balance model 
flexibility to avoid both underfitting and overfitting.32

3.	 Random forest regression: an ensemble learning method that builds multiple decision trees, using 
bootstrapped samples and randomly selected predictors, then averages their predictions to reduce 
variance and improve prediction. Its ability to capture nonlinear relationships, predictor interactions, 
and complex epidemic dynamics, without relying on assumptions like linearity or normality makes 
it well suited for influenza forecasting and its robustness to multicollinearity further strengthens its 
utility. Key hyperparameters such as the number of trees and their maximum depth determine how 
the model balances bias and variance, with tuning ensuring that trees are neither too shallow nor too 
deep.33 

4.	 Feedforward neural network: an artificial neural network that learns patterns by passing predictors 
through one or more hidden layers, where weighted combinations and nonlinear activation 
functions allow it to model flexible relationships between variables. This makes it well suited 
for influenza prediction, as it can capture complex epidemic patterns such as nonlinear trends, 
interactions between predictors, and delayed influences across weeks, particularly when patterns 
are too complex for linear models but the dataset is not large enough for deep architecture. Key 
hyperparameters such as regularisation strength and learning rate determine how smoothly and 
effectively the network learns, helping to prevent overfitting to short term or random variations in 
influenza incidence.34

We considered the four supervised machine 
learning methods detailed above to forecast 
weekly influenza rates.

These machine-learning models were chosen 
because they can capture complex, potentially 
nonlinear and multicollinear relationships in 
epidemiological time series while remaining 
practical to train on relatively small datasets, such 
as the weekly influenza rates analysed here. They 
do not rely on strong distributional assumptions, 
offering advantages over traditional statistical 
models when forecasting influenza activity. For the 
models based on support vector regression and 
feedforward neural network, we performed min-
max scaling on the data to the range [0,1], ensuring 
these models can handle correlated predictors. As 
the temporal structure and small sample size of the 
data could cause unstable coefficient estimates, 
we performed temporally ordered cross-validated 
hyperparameter tuning to avoid overfitting 

and ensuring stable generalisation. The tuned 
hyperparameters for each model are described in 
Appendix A, Table A.1, and the temporal cross-
validation strategy is detailed in the ‘Modelling 
scenarios’ section. We fitted these models 
applying the algorithms available from the Python 
scikit-learn library.21
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Modelling scenarios

For each model we performed two types of 
predictions, those for the current week (nowcast) 
and predictions for one and two weeks into the 
future. For nowcasting we used Google Trends 
data from the current week (t) to predict notified 
influenza cases occurring in the same week (t). For 
the one and two week forecasts, we used Google 
Trends data from the current week (t) to predict 
influenza incidences occurring in the next week 
(t+1), and next two weeks (t+2), respectively. 

For nowcast fitting, the first 83 weeks of data 
(80%) were used as the training set and the 
remaining 21 weeks (20%) as the test set. For 
the one and two weeks ahead forecasts, we kept 
the same 80% training set, but the test set was 
reduced by one or two weeks, respectively, to 
match the forecasting timeline. Hyperparameters 
were tuned within the training set using five-fold 
expanding-window temporal cross-validation with 
an eight-week validation horizon (see Appendix A, 
Figure A.1). This design respects time ordering 
of the data and eliminates information leakage 
from the past into the future and is best suited 
for time-series forecasting. The optimal settings 
were chosen based on the average validation error 
across folds, after which each model was refitted 
on the full training set and evaluated once on 
the test set. All transformation and scaling steps 
were performed within the training folds only, 
ensuring that information leakage did not bias 
model evaluation. Evaluation measures applied to 
measure model performance are described in the 
next section.

Evaluation measures

Model performance was assessed on the test 
set only, ensuring an unbiased estimate of 
out-of-sample forecast ability. We used four 
complementary measures comparing the predicted 
and actual influenza rates: mean absolute error; 
Pearson correlation coefficient; peak week 
difference; and peak magnitude difference. 

The mean absolute error measures point-forecast 
accuracy and is robust to outliers. It is computed 
as the absolute difference between actual 
and predicted values. The Pearson correlation 
coefficient measures how closely the predicted 
and actual values follow the same epidemiological 
pattern or trend. A lower mean absolute error 
means fewer errors, while a higher Pearson 
correlation coefficient means better alignment 
between predictions and actual influenza rates. 

These measures are not comparable; however, 
lower values of the mean absolute error and higher 
values of the Pearson correlation coefficient each 
indicate better predictive accuracy. 

We calculated the difference between the actual 
and predicted weeks when the highest number 
of cases occurred during the forecasted period, 
known as the peak week difference, as well as the 
peak magnitude difference or difference between 
actual and predicted height of the peak. The peak 
week difference and peak magnitude difference 
assess accuracy of predicted epidemic timing and 
severity, respectively. Lower peak week difference 
and peak magnitude difference values indicate 
better model performance. However, not all regions 
showed a clear peak in influenza cases during the 
forecast period. As a result, we only calculated 
peak week difference and peak magnitude 
difference in cases where a peak was visible in the 
data or when the model predicted a peak during 
the forecast period.

To select the best model, we compared the 
mean absolute error followed by Pearson 
correlation coefficient of each model. If there 
were major or minor peaks in the test set, the 
peak week difference and peak magnitude 
difference measures were applied. Using 
multiple metrics captures different aspects of 
forecasting performance and reduces the risk 
of overinterpreting results based on a single 
criterion. As random forest and elastic net models 
can identify the variables most important for 
making predictions, these variables were ranked 
by importance and visual plots created. For the 
random forest model, the ranking graph shows 
a cumulative importance curve, which highlights 
how much each variable contributes to the model's 
overall predictions. The curve's maximum value 
is 1 and variables were considered important if 
the contribution to the cumulative importance 
was < 0.95. For the elastic net models, the 
ranking graph displays the absolute value of each 
variable's coefficient (a measure of its impact on 
predictions). Variables were considered important 
if their coefficient was > 0.1. The purpose of 
selecting important variables was to add context 
and validity to the study, rather than assess model 
performance.

Further detail on the implementation and 
validation of the models used is provided in the 
Supplementary information for this article.
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Results
In an example indicating the correlation between 
Google Trends data and influenza rates, there is 
a similar pattern for searches of ‘influenza’ and 
influenza rates in Queensland (Figure 1). With the 
exceptions of the Northern Territory and Tasmania, 
the influenza rate for each region showed moderate 
to strong Pearson correlation (r ≥ 0.5, p ≤ 0.05) 
with at least two keywords (Table 2).

The analysis identified differences in keyword 
relevance across regions, with the keywords 
influenza, Tamiflu and pneumonia selected as 
consistent predictors of influenza across several 
states and territories (Table 2). 

Results showed significant variation across models 
for the three types of prediction (nowcast, one 
and two weeks ahead forecasts) across regions 
(Appendix B, Figures B.1 – B.7). The elastic net 
model produced the best results in New South 
Wales, Victoria, Queensland and Western Australia 
for the nowcast prediction (Table 3). The random 
forest models produced the best results in 
New South Wales, Victoria, South Australia and 
Tasmania for one-week ahead predictions. For 
this same prediction type, the elastic net model 
produced the best results for Queensland (Table 4). 
For predictions two weeks ahead, random forest 
was the highest performing model in most states, 
except for Queensland in which the elastic net 
regression was the highest performing model. The 
support vector model was the highest performing 
model in South Australia for the two weeks ahead 
predictions (Table 5).

The nowcast predictions (Table 3) had the 
lowest mean absolute error and highest Pearson 
correlation coefficient compared to the results 
for one (Table 4) and two weeks ahead forecasts 
(Table 5). This implies that the nowcast prediction 
type most accurately estimated the actual influenza 
rates and closely captured the actual trend. The 
predictions for two weeks ahead generally had 
higher mean absolute error across most states, 
indicating that the accuracy declined over time.

States with larger populations (New South Wales, 
Queensland and Victoria) showed consistently 
better predictions, with higher Pearson correlation 
coefficient, than smaller population states and 
territories. The nowcast predictions were also 
accurate in Western Australia; however, there were 
differences in peak week and magnitude. Northern 
Territory and Tasmania results had lower or 
negative Pearson correlation coefficient, indicating 
lower-performing predictions.

Similarly, the models were able to better predict 
the time and peak magnitude of influenza cases 
for states with large populations (Queensland and 
New South Wales). For both states the nowcast 
models produced lower peak week difference 
and peak magnitude difference, which shows 
higher similarity between the actual and predicted 
influenza rates for the peak timing and magnitude. 
Among best-performing models by jurisdiction, 
Tasmania had the highest peak magnitude 
difference results (nowcast: 68.32, Table 3; one 
week ahead: 72.41, Table 4).

Figure 1: Comparison of Google Trends data for the keyword ‘influenza’ and National Notifiable 
Diseases Surveillance System (NNDSS) influenza rates for Queensland, Australia,a for the period 
January 2018 – December 2019
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a	 NNDSS influenza notifications for the period January 2018 – December 2019 were scaled to a peak of 100 to allow comparison 
with the equivalently scaled Google Trends data.
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Table 2: Pearson correlation coefficient between Google Trends data and National Notifiable Diseases Surveillance System (NNDSS) influenza 
rates, by jurisdiction and keyword,a January 2018 – December 2019, Australia

Keyword

Pearson correlation coefficient by jurisdictionb

NSW Vic. Qld WA SA NT Tas.

influenza 0.94 0.90 0.94 0.92 0.90 0.051 0.28

Tamiflu 0.89 0.69 0.72 0.59 0.40 -0.005 -0.016

pneumonia 0.72 0.63 0.56 0.58 0.28 0.16 0.23

bronchitis 0.43 0.60 0.36 0.29 -0.017 0.14 0.14

flu 0.39 0.43 0.31 0.75 0.86 0.33

rhinovirus 0.44 0.035 0.41 0.097 -0.04 0.022 -0.12

Haemophilus influenzae -0.03 0.13 0.038 0.13 0.036

parainfluenza 0.14 0.17 0.014 0.093 0.017 0.053

H1N1 0.067 0.1 -0.079 -0.016 0.0043 -0.078 -0.061

H7N9 0.032 -0.027 -0.16 -0.035 0.081 -0.098

H5N1 0.17 -0.085 0.004 -0.075 0.12 -0.037

H3N2 0.037 -0.087 -0.083 -0.13 -0.028

grippe -0.14 0.023 0.047 0.017 -0.12

gripe 0.17 -0.048 0.15 0.071 0.063 0.025

adenovirus 0.21 0.05 0.2 0.018 0.063 -0.11

respiratory syncytial virus 0.072 -0.17 0.016 -0.11 0.21 -0.054

metapneumovirus -0.074 0.026 0.033 -0.0016 -0.11 0.077

Bordetella pertussis 0.099 -0.067 0.033

Mycoplasma pneumoniae -0.1 0.19 0.015 -0.087 -0.088

H9N2 -0.043

sinusitis 0.17 0.13 0.21 0.14 -0.022 -0.23

upper respiratory tract infection -0.012 0.0067 0.047 -0.13 0.14

0.8

0.6

0.4

0.2

0.0
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a	 This table provides a heat map, by jurisdiction and keyword, of the Pearson correlation coefficient (PCC) between Google Trends keyword data and the scaled NNDSS influenza rate. 
Cells highlighted in blue indicate significant correlation (PCC ≥ 0.5) for this jurisdiction and keyword; cells shaded grey represent PCC values < 0.5 for the jurisdiction/keyword combination; 
cells left blank indicate where no searches were performed for the corresponding keyword in the indicated jurisdiction.

b	 NSW: New South Wales; Vic.: Victoria; Qld: Queensland; WA: Western Australia; SA: South Australia; NT: Northern Territory; Tas.: Tasmania.
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Table 3: Optimal model for nowcast Google Trends influenza prediction by jurisdiction,a Australia, 
January 2018 – December 2019

Jurisdiction Best model

Mean 
absolute 

error

Pearson 
correlation 
coefficient

Peak 
week 

differenceb

Peak 
magnitude 
differenceb

Population 
(2019)

New South Wales Elastic net 5.16 0.97 2 -8.90 8,166,401

Victoria Elastic net 8.42 0.96 1 13.24 6,680,648

Queensland Elastic net 7.76 0.98 2 5.07 5,184,847

Western Australia Elastic net 3.28 0.91 N/A N/A 2,639,222

South Australia Random forest 4.90 0.34 4 -4.87 1,770,591

Tasmania Elastic net 22.41 0.53 -2 68.32 541,500

Northern Territory Random forest 7.25 -0.19 6 -9.86 245,929

a	 This table shows the best-performing model of the four machine learning models (elastic net; support vector; random 
forest; and feedforward neural network), and the model’s performance measures (mean absolute error; Pearson correlation 
coefficient; peak week difference; and peak magnitude difference) based on the nowcast prediction type for each Australian 
jurisdiction except the Australian Capital Territory. The performance of the best model for each jurisdiction is compared with 
its population for 2019.

b	 N/A: not applicable, indicating no peak was available for the forecasted period.

Table 4: Optimal model for one-week-ahead Google Trends influenza prediction by jurisdiction,a 
Australia, January 2018 – December 2019

Jurisdiction Best model

Mean 
absolute 

error

Pearson 
correlation 
coefficient

Peak 
week 

differenceb

Peak 
magnitude 
differenceb

Population 
(2019)

New South Wales Random forest 4.36 0.96 -2 2.84 8,166,401

Victoria Random forest 7.01 0.94 0 -10.24 6,680,648

Queensland Elastic net 5.48 0.99 2 -16.55 5,184,847

Western Australia Elastic net 3.63 0.84 N/A N/A 2,639,222

South Australia Random forest 6.62 -0.06 -9 -7.72 1,770,591

Tasmania Random forest 19.91 0.35 1 72.41 541,500

Northern Territory Random forest 8.00 -0.27 5 -12.59 245,929

a	 This table shows the best-performing model of the four machine learning models (elastic net; support vector; random 
forest; and feedforward neural network), and the model’s performance measures (mean absolute error; Pearson correlation 
coefficient; peak week difference; and peak magnitude difference) based on the one-week-ahead prediction type for each 
Australian jurisdiction except the Australian Capital Territory. The performance of the best model for each jurisdiction is 
compared with its population for 2019.

b	 N/A: not applicable, indicating no peak was available for the forecasted period.
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Table 5: Optimal model for two-weeks-ahead Google Trends influenza prediction by jurisdiction,a 
Australia, January 2018 – December 2019

Jurisdiction Best model

Mean 
absolute 

error

Pearson 
correlation 
coefficient

Peak 
week 

differenceb

Peak 
magnitude 
differenceb

Population 
(2019)

New South Wales Random forest 8.13 0.87 -3 -7.16 8,166,401

Victoria Random forest 6.35 0.93 -1 -4.48 6,680,648

Queensland Elastic net 12.19 0.98 1 -24.10 5,184,847

Western Australia Elastic net 3.36 0.85 N/A N/A 2,639,222

South Australia Support vector 4.65 0.34 -5 4.978 1,770,591

Tasmania Random forest 16.27 0.41 0 54.28 541,500

Northern Territory Random forest 7.94 -0.35 4 -7.51 245,929

a	 This table shows the best-performing model of the four machine learning models (elastic net; support vector; random 
forest; and feedforward neural network), and the model’s performance measures (mean absolute error; Pearson correlation 
coefficient; peak week difference; and peak magnitude difference) based on the two-weeks-ahead prediction type for each 
Australian jurisdiction except the Australian Capital Territory. The performance of the best model for each jurisdiction is 
compared with its population for 2019.

b	 N/A: not applicable, indicating no peak was available for the forecasted period.

Discussion
In an evaluation of machine learning models that 
use Google Trends data to forecast influenza rates 
in Australia, models typically performed better 
for larger populations and for more immediate 
predictions (nowcast) compared to further in the 
future (one and two weeks ahead). Overall, the 
random forest and elastic net models were the 
most effective models when properly adjusted for 
hyperparameters. 

For most states or territories in Australia, machine 
learning models produced reasonably accurate 
influenza predictions for nowcasting as well as 
for predictions up to two weeks in advance. 
The search volume for many keywords correlates 
proportionally with notified influenza cases. The 
prediction of outbreaks up to two weeks earlier 
than conventional surveillance methods, such 
as the notification data used to train the model, 
is consistent with previous work.35 Analysis with 
publicly available Google Trends data has shown 
that this type of influenza forecasting can be more 
timely than traditional methods.21 Research in 
the Australian context has provided timeliness of 
3–4 weeks, which may suggest the need to include 
more traditional models into this work such as 
susceptible-exposed-infectious-removed (SEIR) 
models, as well as more data (i.e., more broad 
keywords) to improve this current model.36 

The usefulness of Google Trends data for 
predicting influenza notifications was less 
conclusive for the Northern Territory and 
Tasmania, likely due to lower populations in these 
jurisdictions. The Northern Territory and Tasmania 
seasonality also differs from the rest of the 
country. To be useful for surveillance, data needs 
to be localised, yet national influenza news may 
increase local searches. These findings highlight 
the influence of population size and regional 
seasonality on predictive accuracy. Future studies 
could consider including more broad search terms 
which are more likely to be used by the public.

The keywords influenza and flu were important 
predictors across several regions (Figure A.8). 
However, there were also differences in keywords 
by region. This highlights the importance of 
location specific data and predictions when this 
method is used within Australia. For example, 
searches including the keyword rhinovirus held 
significance in Queensland and Tasmania only, 
which may result from symptoms that overlap with 
influenza. The influenza season usually coincides 
with other respiratory diseases such as rhinovirus. 
Because of this, selection of keywords is important 
and requires further investigation. 
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In this study, we limited keywords to those that are 
most relevant to clinicians to reduce extraneous 
noise from internet data and to enhance the 
specificity of search analyses.37 However, as 
this analysis identified search volume as an 
issue, future work may benefit from considering 
additional location-specific search terms. 
Furthermore, refining predictive models requires a 
better understanding of the relationship between 
respiratory illness and search behaviours and the 
complex factors that influence them.

There are several limitations in this study which 
need to be considered. A key limitation is the 
short time frame used for model testing. Data from 
the end of the influenza season was used, when 
notifications were declining so the model has not 
yet been tested using an entire influenza season or 
to predict the peak of a season. Hence, the model 
performance primarily shows the ability to identify 
short-term temporal variations. In addition, the 
keywords used were based on prior international 
research to assess evaluate known methods within 
the Australian context. This study did not compare 
alternative keyword groups, hence future work 
will require evaluation of the most appropriate key 
words. Notification data introduces selection bias, 
as only those who undergo testing get notified. 
For example, point-of-care testing is increasing, 
but results are not currently notifiable, which may 
decrease the accuracy of notification data over 
time. Despite these limitations, previous work 
has shown that trends are comparable using the 
notification data.8 We used relative search volume 
and not absolute search phrase volume, reflecting 
the expectation that search volume is relative to 
other keywords and may be influenced by social 
and media trends. The analysis also does not 
capture those who do not use Google; data shows 
that different demographics use different search 
engines.38,39 Despite these limitations, the findings 
show a proof of concept for the feasibility of using 
Google Trends data to identify increasing influenza 
activity within the Australian context, providing a 
baseline for future robust assessment.

There are also important digital data biases to 
consider. Online search behaviour is influenced 
by demographics, events in the media and 
access to the internet.40 To minimise this bias, 
clinically specific keywords were used to avoid 
influence from media coverage. However, these 
data are unlikely representative as specific 
groups, such as older adults and those with lower 
digital literacy, are less likely to access online 
searching. In addition, the search behaviour of the 
population changes over time.41 We did not include 
lagged influenza rates as a predictor along with 

Google Trends data, as our aim was to establish 
the Google Trends data’s predictive ability for 
influenza surveillance in Australia. We anticipate 
that including lagged influenza rates can capture 
autocorrelation and may provide better predictive 
performance across all models. Future research 
should include lagged influenza rates in the 
models. The introduction of large language models 
such as ChatGPT has changed online searching 
behaviour. These tools are increasingly being used 
as alternatives to Google which could impact future 
use of these data.42 The type of health searches 
may also change as the new tools provide a 
conversational format. These changes highlight 
the need for digital public health tools to adapt to 
changing digital information systems.

Google Trends data is a credible data source to 
detect increases in influenza cases, in addition 
to traditional surveillance for regions with 
higher populations. These findings may have 
implications for public health surveillance. These 
types of models may be able to supplement 
current surveillance methods by providing an 
early warning signal. Notification data and other 
routinely collected data sources will likely provide 
more detailed epidemiological data. However, 
using search data and machine learning to 
identify increases in influenza activity early can 
support a timely public health response. Future 
research should investigate specific keywords by 
location, exploring disease prediction at a more 
geographically specific level, with considerations 
for smaller populations and robustness over time.43 
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Appendix A: Summary of technical details for machine 
learning models

In this section, we describe the tuned hyperparameters and their values and illustrate the five-fold 
expanding window temporal cross-validation framework. Table A.1 lists the hyperparameters tuned for 
each model, along with their values tested.

Table A.1: Tuned hyperparameters for each model, along with their value ranges/choices tested

Model Hyperparameters tuned and their value range/choice

Elastic net regression l1_ratio: from 0 to 1

Support vector regression

kernel: linear, radial, polynomial, and sigmoid;

degree: from 1 to 3;

C (regularisation parameter): from 0.001 to 10,000;

epsilon (width of ε-insensitive error zone): from 0.0001 to 1.1

Random forest regression
n_estimators (number of trees): from 50 to 150;

max_depth (maximum depth): from None to 20

Feedforward neural networka
alpha (regularisation parameter): from 0.0001 to 1;

learning_rate: constant, adaptive

a	 For each Feedforward neural network model fit, we used three hidden layers with sizes n, 50, and 25, where n is the number of 
predictors, with relu activation function, adam optimiser and 1000 iterations. Early stopping was applied to terminate training 
when validation score was not improving.

Figure A.1 illustrates the 5-fold expanding window cross-validation framework.

Figure A.1: Illustration of expanding window temporal cross-validationa

Fold 1
t = 42

Fold 2

Fold 3

Fold 4

Fold 5

Week number

Training set

Validation set

t = 50

t = 58

t = 66

t = 74

a	 The dark blue section is the expanding training window, and the light blue section is the corresponding eight-week validation 
horizon. 
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Appendix B: Assessment of machine learning model 
performance by jurisdiction

In this section, we detail the process performed 
to select the best machine learning model 
for each state. The models considered are 
elastic net, support vector, random forest, and 
feedforward neural network regression models. 
For easy interpretation of the results presented 
in this section, we define the following acronyms: 
MAE: mean absolute error; PCC: Pearson 
correlation coefficient; PMD: peak magnitude 
difference; and PWD: peak week difference. 
These are accuracy measures we applied to 
assess the predictive performance of the models.

New South Wales: Based on the mean absolute 
error, the random forest model for one week ahead 
(MAE: 4.360) and elastic net model for nowcast 
(MAE: 5.162) predictions, respectively, showed 
better performance than the rest of the models and 
prediction types (Figure B.1). These two scenarios 
produce similar Pearson correlation coefficient 
values (random forest: 0.959; elastic net: 0.966), 
but the random forest one-week-ahead model 
estimated the peak magnitude and its occurrence 
time more closely (PMD: 2.835; PWD: -2) than 
did the elastic net model (PMD: -8.903; PWD: 2; 
Figure B.1). Thus, we chose the random forest one-
week ahead prediction as the best scenario. 

Victoria: The mean absolute error for support 
vector (MAE: 6.156), elastic net (MAE: 6.179), and 
random forest (MAE: 6.348; PCC: 0.934;) models 
for two-weeks-ahead prediction were all lower than 
the rest of the scenarios (Figure B.2). The Pearson 
correlation coefficient for these three scenarios 
is same (support vector: 0.934; elastic net: 0.934; 
random forest: 0.934). However, the random forest 
model predicted the peak magnitude and the time 
of its occurrence much more closely (PMD: -4.483; 
PWD: -1) than the support vector (PMD: -12.529; 
PWD: 3) and elastic net (PMD: -9.860; PWD: 3) 
models (Figure B.2). As such, the random forest for 
the two-weeks-ahead scenario was defined as the 
best model.

Queensland: The mean absolute error for elastic 
net nowcast (MAE: 7.757) and elastic net one 
week ahead (MAE: 5.480) scenarios produced 
better predictive performance than the rest of 
the scenarios (Figure B.3). These two scenarios 
produced similar values for the Pearson correlation 
coefficient (elastic net nowcast: 0.977; elastic net 
one week ahead: 0.985). Nevertheless, the elastic 
net nowcast scenario depicted greater accuracy in 
estimating the peak magnitude (PMD: 5.072; PWD: 
2) than the elastic net one-week-ahead scenario 

(PMD: -16.552; PWD: 2; Figure B3). Consequently, 
the elastic net model for the nowcast prediction 
scenario was identified as the best model.

Western Australia: The elastic net nowcast 
scenario (MAE: 3.278; PCC: 0.907) was the best 
model (Figure B.4). Though there were other 
scenarios with lower mean absolute error, the 
Pearson correlation coefficient for other models 
was lower than that of the elastic net nowcast 
scenario (Figure B.4). There was no visible peak in 
the test set, hence the peak magnitude difference 
and peak week difference was not computed.

South Australia: The random forest nowcast 
scenario (MAE: 4.889; PCC: 0.342; PMD: 
-4.870; PWD: 4) was selected as the best model 
(Figure B.5). Based on the mean absolute error 
and Pearson correlation coefficient, the support 
vector model for the two-weeks-ahead scenario 
performed similarly (MAE: 4.653; PCC: 0.344; 
PMD: 4.978; PWD: -5), but its accuracy in 
predicting the peak magnitude and its timing was 
less favourable than was the chosen random forest 
model (Figure B.5).

Northern Territory: In general, the random forest 
model scenarios only predicted the peaks and 
peak timing, thus we compared these scenarios. 
The random forest nowcast scenario (MAE: 7.249; 
PMD: -9.856; PWD: 6) showed lower MAE than 
the random forest two-weeks-ahead scenario but 
was less favourable when estimating the peak 
magnitude and timing (Figure B.6). Thus, we chose 
the random forest two-weeks-ahead scenario 
(MAE: 7.937; PMD: -7.513; PWD: 4) model as the 
best model (Figure B6). The Pearson correlation 
coefficient for random forest model scenarios was 
either not computed, negative, or very low, hence 
this is not reported in Figure B.6.

Tasmania: The elastic net two-weeks-ahead 
scenario (MAE: 14.543; PCC: 0.476; PMD: 73.250; 
PWD: -7) had the lowest MAE but had a similar 
PCC to that of the random forest two-weeks-ahead 
scenario (MAE: 16.269; PCC: 0.408; PMD: 54.279; 
PWD: 0; Figure B.7). Furthermore, the latter model 
scenario better predicted the peak magnitude and 
timing. Hence, we selected the random forest model 
for two weeks ahead prediction as the optimal model.

Important keywords: Each state or territory 
showed different keyword sets as important for 
predicting influenza rates (Figure B.8). However, 
the keyword influenza was identified as a common 
keyword in all states and territories. 
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Figure B.1: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for New South Wales, Australia,a 
January 2018 – December 2019
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a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE), Pearson correlation coefficient (PCC), peak magnitude difference (PMD), and peak week 
difference (PWD). Accuracy measures for the best performing of the 12 scenarios are displayed in underlined dark blue.
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Figure B.2: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for Victoria, Australia,a 
January 2018 – December 2019
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a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE), Pearson correlation coefficient (PCC), peak magnitude difference (PMD), and peak week 
difference (PWD). Accuracy measures for the best performing of the 12 scenarios are displayed in underlined dark blue.

b	 N/A: not applicable, used when there was no peak available for the forecasted period.
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Figure B.3: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for Queensland, Australia,a 
January 2018 – December 2019

Actual
Predicted

20
18

-0
1

20
18

-0
4

20
18

-0
7

20
18

-1
0

20
19

-0
1

20
19

-0
4

20
19

-0
7

20
19

-1
0

20
20

-0
1

20
18

-0
1

20
18

-0
4

20
18

-0
7

20
18

-1
0

20
19

-0
1

20
19

-0
4

20
19

-0
7

20
19

-1
0

20
20

-0
1

20
18

-0
1

20
18

-0
4

20
18

-0
7

20
18

-1
0

20
19

-0
1

20
19

-0
4

20
19

-0
7

20
19

-1
0

20
20

-0
1

Nowcast One week ahead Two weeks ahead

Elastic net

Support vectorb

Random forest

Feedforward 
neural network

W
ee

k
ly

 in
fl

u
e

n
za

 r
at

e 
(%

)

MAE:7.757; PCC:0.977; PMD:5.072; PWD:2 MAE:5.480; PCC:0.985; PMD: -16.552; PWD:2 MAE:12.186; PCC:0.979; PMD: -24.096; PWD:1

MAE:10.994; PCC:0.978; PMD:18.286; PWD:2 MAE:23.532; PCC:0.902; PMD:73.947; PWD:2 MAE:22.544; PCC:0.953; PMD:N/A; PWD:N/A

MAE:12.327; PCC:0.953; PMD:29.408; PWD:-1 MAE:8.483; PCC:0.957; PMD:16.574; PWD:2 MAE:10.510; PCC:0.908; PMD:12.831; PWD:2

MAE:16.784; PCC:0.946; PMD:43.375; PWD:2 MAE:13.923; PCC:0.926; PMD:11.903; PWD:2 MAE:11.125; PCC:0.925; PMD:11.818; PWD:1

100

80

60

40

20

0

100

80

60

40

20

0

100

80

60

40

20

0

100

80

60

40

20

0

120

80
60

40
20
0

100

80

60

40

20

0

100

80

60

40

20

0

100

80

60

40

20

0

120

80
60
40
20
0

100

80

60

40

20

0

100

80

60

40

20

0

100

80

60

40

20

0

100 100

a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE), Pearson correlation coefficient (PCC), peak magnitude difference (PMD), and peak week 
difference (PWD). Accuracy measures for the best performing of the 12 scenarios are displayed in underlined dark blue.

b	 N/A: not applicable, used when there was no peak available for the forecasted period.
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Figure B.4: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for Western Australia, Australia,a 
January 2018 – December 2019
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a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE) and Pearson correlation coefficient (PCC). Accuracy measures for the best performing of 
the 12 scenarios are displayed in underlined dark blue.
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Figure B.5: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for South Australia, Australia,a 
January 2018 – December 2019
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a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE), Pearson correlation coefficient (PCC), peak magnitude difference (PMD), and peak week 
difference (PWD). Accuracy measures for the best performing of the 12 scenarios are displayed in underlined dark blue.

b	 N/A: not applicable, used when there was no peak available for the forecasted period.
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Figure B.6: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for the Northern Territory, Australia,a 
January 2018 – December 2019
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a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE), Pearson correlation coefficient (PCC), peak magnitude difference (PMD), and peak week 
difference (PWD). Accuracy measures for the best performing of the 12 scenarios are displayed in underlined dark blue.

b	 N/A: not applicable, used when there was no peak available for the forecasted period.
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Figure B.7: Model diagnostics for machine-learning model prediction of scaled weekly influenza rates for Tasmania, Australia,a 
January 2018 – December 2019
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a	 Models employed for influenza rate prediction are elastic net; support vector; random forest; and feedforward neural network. These are assessed for performance, across three prediction 
types (nowcast, and forecasts one and two weeks ahead) on the basis of mean absolute error (MAE), Pearson correlation coefficient (PCC), peak magnitude difference (PMD), and peak week 
difference (PWD). Accuracy measures for the best performing of the 12 scenarios are displayed in underlined dark blue.

b	 N/A: not applicable, used when there was no peak available for the forecasted period.
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Figure B.8: Ranked predictors corresponding to the best model selected for each jurisdiction, for prediction of scaled weekly influenza rates, 
Australia,a January 2018 – December 2019
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a	 Line graphs ranking important predictors for each state and territory from the best model. The cumulative importance curve shows the ranked predictors for the best random forest model. 
The absolute value of coefficient curve shows the ranked predictors for the best elastic net model. Predictors at and below the blue line are considered relevant for the random forest (RF); 
those at and above the blue line are considered relevant for the elastic net (EN) models.
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