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 Dengue fever's popularity can be inferred from Google Trends, which 

summarizes Google queries on similar subjects. Since both the epidemic 

and its Google Trends have a common cause in the dengue virus, we 

hypothesize that dengue occurrence and Google Trends findings have a 

long-run equilibrium. The aim of this study was to explore into the 

feasibility of syndromic surveillance of internet search terms in Malaysia 

by utilizing information obtained from Google Trends. This research 

used in the cointegration method to assess a relationship between dengue 

cases and Google Trends results. The Spearman's correlation analysis 

was adopted to measure the relationship between weekly dengue cases 

with 15 Google Keywords based on relative search volumes (RSV) in 

Malaysia. Among the 15 keywords analyzed from Google Trends, only 

dengue (K1) had the strongest correlations when looking at the Malaysia 

as a whole, with r values of 0.57. Then correlation was further assessed 

for every state with all keywords on dengue. Strong correlations were 

seen up in the state of Selangor (r=0.545) and Johor (r=0.542) for the 

same keywords. This research concluded that Google Trends result can 

be used as an initial indicator in improving the data system for public 

health authorities to enhance the conventional epidemiology. 

 

 

 

   

 

This work is licensed under a Creative Commons Attribution Non-Commercial 4.0 

International License. 

 

 

1. INTRODUCTION 

A primary public health role in outbreak control is acknowledging transmission of diseases in time, location 

and individual and determining disease risk factors to drive successful interventions [1]. During a 

pandemic, initial and fast case identification is vital for case containment and good communications to 

mitigate onward transmission and identify critical threats and transmission modes. The control of infectious 
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diseases relies on detecting and containing infection clusters and obstructing community spread in order to 

minimise the effects on communities. By applying the use of online technologies as an instrument for 

collecting health-related information, the data system used by the public health authorities can be improved 

to be more effective while enhancing the conventional epidemiology. The internet is one of the vital 

information sources among people that are actively having access to the internet [2]. With increasing 

available online sources nowadays, a significant number of internet users are prone to use internet to search 

for information about health-related issues. As the usage of the internet becomes more pervasive with 

intensified mobile device use and the expanding quantum computing of artificial intelligence, the modern 

epidemiology field presents a potential framework that may help conventional surveillance systems more 

effective. 

  

Infodemiology and infoveillance is a concept introduced by [3] in digital epidemiology are becoming a 

useful tool to evaluate search behaviour on the internet [4]. Goals of applying digital surveillance 

approaches that concentrate primarily on data outside of the clinical database are to acquiring health- 

seeking behaviour at initial stages of disease development, as well as identifying the patients who do not 

formally seek health care. Digital epidemiology is a growing public health informatics tool used to evaluate 

online search behaviour. In broad term, digital epidemiology refers to epidemiology that uses digital data 

[5] defined digital epidemiology is a method of collecting and analyzing health related data using a system 

or tool that has not relation or connection with the public health system. Since Google Trends allows users 

to scan global Google searches for the public interest quickly, it is perhaps the most widely used internet 

tool for this purpose [6]. Application of Google Trends might be used to predict an increase in infected 

cases [7]. A lot of analysis has been conducted in recent years using data from Google Trends (GT), Google 

Flu Trends, or the Google Health API. There has recently been an increase in the amount of studies that use 

GT [8]. Prior to its publication, preliminary research was conducted on Google Flu Trends – a source for 

disease-related keywords [9]. The reverse engineered data were obtained from Google Trends. It displays 

what was searched on Google; the data is normalized by search frequency and displayed in relative search 

volumes. The data is divided into years, months, days, and regional areas. Researchers may equate up to 

five keywords using segments in a single attempt. GT research is classified into four categories: infectious 

disorders, behavioral wellbeing, other diseases, and general community activity [10], and is mostly used to 

investigate seasonality [4]. 

 

In this regard, this current study is intended to explore the association between cases of dengue disease and 

Google Trends (GT) data in Malaysia. State-by-state correlation analysis is performed based on 15 different 

keywords related to dengue disease. It is necessary to establish correlation between dengue cases and GT 

data to monitor public search interest on dengue outbreak in Malaysia and assess present situation of 

effectiveness of risk communication strategy in Malaysia. Apart from that, study findings provide brief 

overview on awareness among Malaysian population on dengue. Thus, this study provides general idea of 

online platform contribution amid dengue case infection in Malaysia. 

 

2. METHODS 

The correlational study is used as study design in this research where the correlation between dengue cases 

for 2019 in Malaysia and Relative Search Volume (RSV) for dengue keywords through Google Trend 

platform were conducted. This research uses secondary data analysis, which consists of official MOH 

dengue report and Google search volumes on dengue in Malaysia. To verify the Google Trends results, 

official dengue reports were used as a gold standard as adopted from [11]. These data were readily 

accessible and digitally collected at reliable sources. Duration of study period is fixed from January 2019 

until December 2019 (1 year). Table 1 summarized the study design on correlation analysis between dengue 

https://www.teikyomedicaljournal.com/
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cases and Google Trends data in Malaysia. In this study, there are two study variables that are independent 

and dependent. The independent variable in this study comprises Malaysia subregions which will be 

interpreted by state which comprises of 13 states and 2 federal territories. For dependent variable, official 

dengue report and data from Google Trends consists of 15 dengue related keywords is utilized. 

  

Table 1 Summary on study variables of secondary data analysis including objectives, inclusion criteria and 

exclusion criteria. 

Objectives Dependent Variables 
Independent 

Variables 

Inclusion 

Criteria 
Exclusion Criteria 

 Determine 

dengue cases 
in Malaysia 

 
 Determine GT 

data for 15 
states in 

Malaysia 

 

 Determine 
correlation of 

GT data and 
dengue cases 

in Malaysia 

 Dengue cases data in Malaysia 

 
 GT data of 15 keywords. 

dengue,dengue virus, 
dengue disease, 

dengue fever, dengue 
symptoms, dengue 

hemorrhagic fever, aedes, 
aedes aegypti, albopictus, 

muscle+joint pain, 
skin rash, headache, 

high fever, sore throat, 
nausea+diarrhea. 

 13 states and 2 

federal territories. 
Johor, Kedah, 

Kelantan, Pahang, 
Perak, Selangor, 

Terengganu, 
Perlis, Negeri 

Sembilan, 
Malacca, Penang, 

Sarawak, Sabah, 
Kuala Lumpur, 

Labuan 

 Data 

collection 
from 1 Jan 

2019 – 31 
Dec 2019 

 

 Daily data of 

dengue cases 

 
 

 Weekly GT 

data based on 
15 selected 
keywords 

 Dengue case 

reported before 
and after study 

period 

 Keywords that is 
unrelated with 

dengue disease 
 

 GT data of other 
regions over 

study population 

*GT = Google Trends 

 

The study population centred on East Malaysia and West Malaysia, known as Peninsular Malaysia. East 

Malaysia is made up of the two largest states and one federal territory: Sabah, Sarawak, and Federal 

Territory of Labuan. The East sub-regions are located on Borneo Island, while the Peninsular of Malaysia 

consists of one federal territory, namely the Federal Territories of Kuala Lumpur, as the capital city of 

Malaysia. All states located in Peninsular Malaysia further segregate into four regions: Northern Region 

(which includes Perlis, Kedah, Penang, and Perak), Eastern-Coast Region (that includes Kelantan, 

Terengganu, and Pahang), Central Region (that includes Selangor, Federal Territory of Kuala Lumpur, and 

Putrajaya), and the Southern Region (Negeri Sembilan, Malacca and Johor). 

 

In this study, the selection of dengue-related terms was focused on three main categories: disease definition 

(dengue, dengue virus, dengue disease, dengue fever, dengue symptoms, dengue hemorrhagic fever), signs 

and symptoms (muscle+joint pain, skin rash, headache, high fever, sore throat, nausea+diarrhea) and the 

vector of the disease (aedes, aedes aegypti, albopictus). The research was validated by content validity [12] 

by comparing these keywords with words in "related queries" of Google's search engine. If these keywords 

are the same as the words in the "related queries" category on the Google search engine, the result data are 

valid. The content validity test result showed that the words on "related queries" in Google search engines 

were related to dengue keywords. Therefore, the keywords chosen are reliable and valid. 

 

Quantitative data gathered for this study consists of official dengue report in Malaysia and Google Trends 

data. Both data are electronically extracted from authentic web-based medium. The official confirmed 

dengue cases from 13 states and 2 federal territories in Malaysia are obtained from the Crisis Preparedness 

and Responses Centre (CPRC) website (http://idengue.arsm.gov.my/). This data was collected between 

January 2019 and December 2019 to evaluate the trend in the number of dengue cases. The second study 

data is a relative search volume (RSV) of each keyword related to dengue disease, retrieved directly from 

the Google Trends Explore page (https://trends.google.com/trends/) in .csv format. The data are obtained by 

entering search terms related to dengue queries. The time frame for the study period is set from January 
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2019 until December 2019. For the study's location, Malaysia is chosen as the default region, and the option 

for "All categories" is set as the primary selection. Google Trends is an open sampling repository of real 

search queries performed using the Google search engine that is anonymized, categorized, and integrated. 

This study's datasets information is compacted in Table 2, including sources, specifications, attributes, 

value, and pre-processed procedure. 

  

Table 2 Datasets of study on state-by-state correlation analysis between dengue cases and Google Trends 

data in Malaysia. 

Datasets Sources Specifications Attributes Value 
Being 

pre-processed 

Dengue cases 
data in Malaysia 

Official website for 
information on 

dengue at 

(https://idengue.ars 

m.gov.my/) 

Weekly reported 
positive dengue 

cases 

 

Cumulative 
reported positive 

dengue cases 

Data time 
interval 

 

Week 

States 
Dengue 

disease 

January 2019 
– December 

2019 
 

1-52 

13 states, 2 
fed. ter. 
Positive cases 

Data tabulation 
into weekly and 

cumulative cases 

for each state in 

Malaysia 

Google Trends 

data 

Primary site for 

collecting Google 

Trends data at 

https://trends.googl 

e.com 

Weekly RSV of 

keywords 

popularity related 

to dengue disease 

Data time 

interval 

 
 

Week 

States 
1 

 
5 keywords 

January 25, 
2020 – 

November 
30, 2020 

 

1-52 

13 states, 2 

fed. ter. 

 
RSV 

Data tabulation 

into weekly 

series data 

extracted from 

Google Trend 

*Fed. ter. = federal territories, RSV = relative search volume. 

 

The data processing sequence in this study incorporated data collected from official sources, data 

preparation, or the cleaning of data by eliminating unnecessary or invalid information and arranging 

information collected. The dengue cases data based on the epidemiological weeks was retrieved from the 

targeted official website. The data is organized in weekly chronological order from January 2019 to 

December 2019. The dengue case data that has been arranged are transferred into Microsoft Excel. The 

weekly and cumulative reported case data is organized according to each state and federal territories in 

Malaysia. A tabulated dataset of 52 weeks x 15 subregions (13 states and 2 federal territories) in Malaysia is 

generated. 

 

Spearman's correlation coefficient was used to analyse the association between confirmed cases of dengue 

with RSVs related to dengue during the first week of January 2019 through the last week of December 

2019. The weekly dengue cases and keyword RSVs for each sub-region of Malaysia are also evaluated 

using Spearman's correlation coefficient as the data variables are widely disseminated. The correlation 

value and 95% of confidence interval (95% CI) of state-by-state output data are shown in tabular format and 

clustered graph. To identify the trend pattern of RSV for each keyword during the study period, a line 

graph, along with the total cumulative dengue case in Malaysia, was generated. An additional scatterplot 

chart is plotted between dengue cases and the relative search volume of 15 keywords to discover the 

popularity of keywords against the number of dengue cases reported. 

 

3. RESULTS AND DISCUSSION 

The rapid advancement of internet-based search and social media channels has created innovative new ways 

https://www.teikyomedicaljournal.com/
https://trends.google.com/
https://trends.google.com/


   ISSN: 03875547 

Volume 44, Issue 05, October, 2021 

  

1209 
 

to enhance disease monitoring thru information and developments in real-time for health consequences in 

the recent and current period. A complementary approach uses electronic health records and real-time 

historical data models such as model built on Google search queries (Google Trends), which gradually 

increase as the number of individuals searching for health-related information in Google search [13]. As for 

its functional algorithm, Google Trends applies a relative search volume (RSV) between 0 and 100, where 

100 denotes the keyword's highest share over time. Despite the increasing use of Google Trends for 

investigating epidemiological trends in healthcare, this approach's reliability remains relatively speculative 

as it cannot be measured with absolute precision [10]. Thus, this index is fundamentally arbitrary and 

cannot be measured to excellent accuracy [5]. 

 

This research was carried out in all 13 states and 2 federal territories of Malaysia, demonstrating dengue 

cases in Malaysia and keyword search volumes on Google. Official dengue data and online search 

popularity data from the Google Trends platform were shown in a line graph and scatter plot. Retrospective 

data of dengue cases in Malaysia obtained for the year 2019 indicated a total of 130,101 cases increase 

compared with the year 2018, which indicated 80,615 dengue cases. From the line graph in Figure 1, the 

dengue outbreaks per week in Malaysia in the year 2019 tended to increase at the end of the year. The 

lowest dengue cases reported were in Week 23 (3 June to 9 June), the middle of 2019, with 1583 cases. 

After that, the dengue incident gradually increased to the maximum cases that involved 3557 dengue cases 

in Week 30 (22 July to 28 July), where the highest peak of the graph present before the cases decreased 

back until Week 44 and gradually increase again until Week 50 ends of 2019. 

 

 
Figure 1 Time series of dengue cases in Malaysia for year 2019. 

 

Selangor, notorious for dengue cases, retains its status as the state with the most cumulative dengue cases 

registered by December 2019, accumulating 72,543 cases along with the Federal Territories of Kuala 

Lumpur and Johor, which recorded a combined total of 15,424 and 10,873 cases respectively due to their 

rapid development, owing to increasing economic opportunities and various developments that attract 

people to migrate to these states. Since the states undergo rapid development, the emerging and ongoing 

infrastructure projects that are not managed accordingly pose a risk due to a lack of proper sanitation, e.g., 

puddles and stagnant water in abandoned containers that both serve as tools for the mosquitoes to breed and 

to transmit the virus [14]. Furthermore, Malaysia's climate also plays a crucial key in increasing dengue 

cases in Malaysia. Efforts to combat the Aedes mosquito, which is the vector for dengue, are hindered by 

the increased rainfall volume, which has led to higher breeding sites, particularly in Peninsular Malaysia, 

according to a systematic study [15]. 
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Next, to visualize search patterns related to dengue, a line chart is created from the keyword's RSV value 

throughout the study period. The RSV numbers reflect the search interest relative to the highest point in the 

graph. RSV values are distributed from 0 RSV to 100 RSV. The graph of each selected keyword is 

compacted in Figure 2 along with the official dengue case graph, which began at Week 1 until Week 52 of 

2019. The keywords for dengue, muscle+joint pain, headache, sore throat, and nausea+diarrhea indicate 

higher search popularity with an RSV value of more than 30 to 100 along the year 2019. The keywords that 

show similar trends as official dengue cases are dengue, dengue fever, dengue symptoms, aedes, and high 

fever, indicating a correlation between the term even though the correlation is weak to moderate. Search 

term for dengue virus, dengue fever, dengue hemorrhagic fever, aedes aegypti, and albopictus indicate no 

regular patterns along the year 2019. This might result due to a lack of knowledge or interest among the 

Malaysian to use the terms for searching dengue-related information, especially on the vector of the disease. 

 

 
Figure 2 Dengue cases and trending of relative search volume (RSV) from 15 keywords since January 2019 

through December 2019. 

 

An analysis of the distribution of the closely associated searched term during dengue outbreaks was done by 

correlating dengue case incidence and queries appearing in Malaysia. Figure 3 reflects the overall keyword 

search distribution in Malaysia from January 2019 until December 2019. The search volume for 15 

keywords is varied, ranging from 0 to 20 RSV (low popularity), 20 to 60 RSV (medium to half popularity) 

and 20 to 100 RSV (low to highest popularity). A small but upward-spiking correlation can be found 

between Google keyword search and dengue cases, showing that search terms associated with the disease, 

such as dengue fever, muscle+joint pain, headache, high fever, and nausea+diarrhea, are on the rise. 

Validation using Spearman's correlation shows low to moderate correlation (rs ≥ 0.30, p ≤ 0.05) between 

those keywords. This result is applicable to previous studies done by [16] that recorded ranging from 0.33 

to 0.94. 
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This contemporary research implies a general correlation between dengue cases and Google Trend data in 

Malaysia from January 2019 to December 2019 by using a Bivariate analysis known as Spearman’s 

correlation, which depicts the strength of association between variables and presented by rs value. Based on 

the calculated rs value in Table 1, the keyword correlation in overall Malaysia ranged from rs = -0.101 to rs 

= 0.571, which indicate the association diversion of selected keywords. Subsequently, low to moderate 

positive correlation is detected in 3 keywords marked with (*) symbol; rs = 0.326 (high fever), rs = 0.461 

(dengue fever), and rs = 0.571 (dengue). 

 

 
Figure 3 Scatterplot of dengue cases in 2019 against relative search volume (RSV) of 15 Google keywords 

from January 2019 through November 2019. 

  

Table 3 Correlation analysis between 15 Google Trends keywords and dengue cases in Malaysia. 

 
Google Trends keyword r 

95% CI 
(lower) 

95% CI 
(upper) 

 
Disease definition 

   

K1 Dengue* 0.571 0.547 0.594 

K2 Dengue virus -0.032 -0.100 0.036 

K3 Dengue disease 0.267 0.208 0.324 

K4 Dengue fever* 0.461 0.431 0.490 

K5 Dengue symptoms -0.101 -0.143 -0.059 

K6 Dengue hemorrhagic fever 0.082 -0.001 0.164 

 Vector    
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K7 Aedes 0.046 -0.001 0.093 

K8 Aedes aegypti 0.133 0.056 0.208 

K9 Aedes albopictus 0.035 -0.070 0.139 

 Symptom    

K10 Muscle + joint pain 0.170 0.141 0.199 

K11 Skin rash -0.075 -0.119 -0.030 

K12 Headache 0.139 0.108 0.170 

K13 High fever* 0.326 0.288 0.363 

K14 Sore throat 0.172 0.138 0.206 

K15 Nausea + diarrhea 0.203 0.171 0.235 

 

Furthermore, this study also evaluates the associations between dengue cases on a weekly basis and the 

quest for Malaysian interests related to dengue by each state. The detail of the correlation coefficient (r) 

value for each state and federal territory are tabulated in Table 4. The moderate to weak correlation (r = 

0.024 to 0.525) is found primarily between states through the analysis. One of the strongest states with four 

keywords of positive association is the Selangor with keywords of dengue, dengue disease, dengue fever 

and dengue symptoms. The second state with a remarkable positive correlation value is Melaka, which 

consists of three keywords: dengue, dengue fever and high fever. Sarawak, on the other hand, indicates an 

insignificant correlation with a lower negative association (r = -0.291) for most of the selected Google 

keywords (dengue virus, dengue disease, dengue fever, dengue symptoms, dengue hemorrhagic fever, 

aedes, aedes aegypti, muscle+joint pain, headache, and high fever). In whole, dengue is a keyword with an 

overall positive correlation between majority states and federal territories. 

 

Table 4 State-by-state correlation analysis between Dengue cases in Malaysia and relative search volume of 

15 selected Google Trends keywords. 

State (K1) (K2) (K3) (K4) (K5) (K6) (K7) (K8) (K9) (K10) (K11) (K12) (K13) (K14) (K15) 

Johor 0.542 0.015 0.124 0.431 -0.095 0.161 0.127 0.075 0.026 0.185 -0.150 0.213 0.244 0.171 0.233 

Kedah 0.261 -0.050 0.275 0.312 -0.092 0.149 0.157 0.204 0.123 0.183 -0.014 0.173 0.277 0.243 -0.010 

Kelantan 0.147 0.019 0.091 -0.001 -0.252 0.033 -0.105 0.043 0.021 0.240 -0.104 0.007 0.033 -0.074 0.212 

Melaka 0.373 -0.118 0.035 0.427 0.116 0.036 -0.097 0.053 -0.154 -0.037 0.023 0.137 0.329 0.292 0.100 

N.Sembilan 0.199 0.042 0.144 0.246 -0.008 0.125 -0.006 0.152 -0.059 -0.038 0.074 0.242 -0.057 0.172 0.069 

Pahang 0.157 0.084 0.015 0.022 -0.159 0.014 -0.105 -0.025 -0.005 0.029 0.035 -0.078 0.018 0.076 0.312 

Perak 0.293 -0.173 0.140 0.205 -0.073 0.015 -0.150 0.130 0.070 -0.008 0.105 0.040 0.172 0.155 0.076 

Perlis 0.253 -0.002 0.191 0.328 0.207 -0.082 0.202 0.105 0.066 -0.007 -0.035 0.208 0.225 0.186 -0.126 

P.Pinang 0.069 0.054 0.282 0.247 0.148 0.095 0.115 0.209 0.025 0.108 0.010 0.060 0.110 -0.060 -0.103 

Sabah 0.238 -0.180 0.325 0.036 -0.328 -0.189 0.009 -0.022 -0.047 0.052 0.020 -0.020 0.094 -0.036 0.057 

https://www.teikyomedicaljournal.com/
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Sarawak 0.112 -0.074 -0.181 -0.012 -0.156 -0.122 -0.291 -0.098 0.043 -0.040 0.126 -0.083 -0.087 0.033 0.273 

Selangor 0.545 -0.051 0.319 0.457 -0.076 0.035 0.026 0.140 0.002 0.074 -0.058 0.115 0.341 0.174 0.125 

Terengganu 0.053 0.134 0.282 0.076 0.061 0.005 0.070 0.041 0.120 0.231 -0.275 0.113 0.157 -0.117 -0.035 

Kuala 

Lumpur 

 
0.391 

 
0.061 

 
0.103 

 
0.350 

 
0.054 

 
0.261 

 
0.168 

 
0.015 

 
0.195 

 
0.161 

 
-0.067 

 
0.063 

 
0.154 

 
0.083 

 
0.248 

Labuan 0.191 0.046 0.152 0.063 -0.239 0.066 0.104 0.164 0.066 0.311 -0.157 0.295 0.230 0.095 -0.047 

*K1=dengue, K2=dengue virus, K3=dengue disease, K4=dengue fever, K5=dengue symptoms, K6=dengue 

hemorrhagic fever, K7=aedes, K8=aedes aegypti, K9=albopictus, K10=muscle+joint pain, K11=skin rash, 

K12=headache, K13=high fever, K14=sore throat, K15=nausea+diarrhea. 

 

Three search terms whose time-series trends have significance correlated with the official number of 

dengue cases and are included in two categories of keywords selected: disease definitions and symptom 

category. This finding is relevant when compared to a study by [17]. Search words used by netizens usually 

correlate with official data [18]. Search terms used by Malaysian netizens, such as dengue, dengue fever, 

and high fever, have a significant association with official dengue incidence due to standard disease 

definition related to dengue disease in Malaysia. Unlike the search term dengue fever and a high fever that 

generally had a fluctuating rs value, as shown in Figure 1, the search keyword for dengue had a stable rs 

value. 

 

Moreover, across all the state included in this study, there was a moderate or no association in terms for 

aedes, aedes aegypti and albopictus—the vector responsible for transmitting the virus. This is an interesting 

finding because no particular vaccine or treatment for dengue exists, and vector control is the only primary 

intervention strategy that controls dengue disease. This unenthusiastic response to these keywords may 

indicate that the public is more interested in the disease definition for dengue but not the vector itself. 

Inadequate communication between relevant public health authorities and the public on the vector 

responsible for dengue transmission could be contributing to the issue and needs to be corrected. In 

addition, weak to moderate correlations observed between trends of online search and dengue cases in 

Malaysia 2019 may have been due to low internet penetration in some area. Moreover, people's risk 

perception and reaction are positively affected by how risks are presented and explained [19]. Theories 

associated with risk management and risk communication focus on promoting trust between authorities and 

the public as a critical component in how risk will be viewed and whether the public will accept and 

respond to authorities' orders [20]. 

 

As conclusion, this study was designated purposely to investigate the variation in the dengue cases' trend 

and pattern in Malaysia. The result indicated that the trend of dengue incident showed the dengue 

transmission patterns are highly variable. Correlational analysis for overall Malaysia and discrete state-level 

correlation is observed in diverse manners, positive to negative. The critical key that influences dengue- 

related keywords popularity is the efficiency of risk communication, health-seeking information behaviour 

and public response. Based on this study's result and discussion, a new cyber-related risk communication 

strategy shall be constructed to ensure the success of dengue information dissemination and clarification 

toward the public. The information obtained from this study can provide baseline information that is 

important for more rigorous studies to understand better digital epidemiology in managing health-related 

issues. Furthermore, from this study, valuable information on the concurrent dengue cases can be identified 

and may provide crucial information on managing this outbreak. 
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5. CONCLUSION 

The study demonstrates the use of Google Trends as a supplemental surveillance tool during a pandemic. 

The study results provide situational analysis on behavioural response, awareness, and messages circulation 

in the Malaysian population towards dengue. General correlation of dengue cases and Google Trend in 

overall Malaysia ranged from weak to moderate in strength. Conclusively, public awareness of dengue- 

related information was not strong enough. An inefficient risk communication strategy needs to be 

improvised. The research findings can enhance health communication strategies and future public health 

emergencies. Additionally, further investigation is warranted to discover the most successful risk 

communication strategies to enable diverse population groups to utilise the different risk communication 

campaigns during outbreaks and global emergencies. 
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