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Since the emergence of COVID-19 in 2020, various actions have been taken by governments and agencies globally to curtail its spread and devastating effects. Risk communication is an essential component of such actions. Examination of public interest, risk perception and new cases of COVID-19 is vital to understanding the effectiveness of risk communication strategies implemented. With data paucity plaguing policymaking in Nigeria, there is a need to examine new data sources to support the enhancement of risk communication. The study explored Google Trends (GT) and Google Mobility Reports (GMR) in monitoring public restlessness and risk perception, respectively, toward COVID-19 in Nigeria. This is geared toward understanding the effectiveness of the national risk communication strategy. COVID-19 case statistics, stringency index, mobility, and search indices for selected terms were collated (February 28 to June 30, 2020). Temporal dynamics were examined while correlation analysis was carried out to examine the association. Public attention peaked just around the commencement of the nationwide lockdown and declined considerably afterwards despite increasing new cases. Mobility toward most place categories showed a sharp decline at the beginning of the pandemic, except for residential areas. This trend also reversed soon after the lockdown. COVID-19 case statistics were found to be negatively correlated with the public interest. Public interest had a weak but both negative and positive association with the stringency index, while mobility exhibited a weak negative association with the case statistics (except residential area mobility). The results indicated that the risk communication efforts were inadequate in providing a prolonged health behavior change. The initial risk communication and lockdown created a positive outcome, however, the impact soon faded out. The evidence suggests that risk perception may have been poorly targeted by risk communication interventions. It is recommended that continuous monitoring of public interest and risk perception is implemented during an emergency and risk communication adjusted accordingly.
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INTRODUCTION

Pandemics characteristically alter a lot of human activities, and the COVID-19 outbreak of 2020 was no exception. Globally, lockdowns were instituted at the beginning of the disease outbreak to curtail the spread. Consequently, the closure of businesses and public facilities translates to economic grounding, which invariably takes a toll on people—strangulating livelihoods. This action puts the whole society at risk, socially and economically. But the risk to people in communities varies. Thus, lockdown or quarantine for some is a luxury (they can afford it), while for others it is a hardship or solitary confinement. In essence, this laid bare the challenges of sustainable and inclusive development in our public infrastructure, economy, and society. This extensive impact across the various facets of society highlights the complex interrelationship, often overlooked by all.

With over 5 million deaths and more than 240 million cases and three waves of the disease, as well as new variants (Worldometer, 2021), there is a need to do better. Many low- and middle-income countries faced significant challenges in curtailing the spread of the disease, some of which include porous borders, the burden of communicable and non-communicable diseases, poverty, poor health literacy, infodemic overcrowding, and weak health systems (Lucero-Prisno et al., 2020). Despite these challenges, African countries escaped mostly the wrath of the disease. But the lesson from the pandemic must be learned, as we may not be lucky next time. With the pandemic evolving and new variants identified, it is necessary to examine public attention and ongoing risk communication programmes. This is an important aspect that must be enhanced to ensure better management of infectious diseases. To enhance risk communication, there is a need to identify new data and avenues to monitor and understand the populace. Such would provide an evidence-based approach to risk communication and a locally relevant approach to the implementation of risk communication programmes. The work examined the possibility of examining the effectiveness of risk communication using crowdsourced data. This was in response to the lack of monitoring data in most countries. The study utilized Google Trends and Google Mobility Data to understand their usefulness in gauging the effectiveness of risk communication during the pandemic.

We live in a global village, and thus our health and socioeconomic reality are becoming more and more interwoven. Most importantly, our health is linked regardless of distance. According to risk society theory (Giddens, 2003), modern life creates comfort, which results in unintended and unforeseen consequences. COVID-19 brought this closer home. The global reach of air travel and trade created an unintended consequence of the ease of spread of communicable diseases. In a similar view, the increasing interconnectivity and interdependence increased the gap between the have and have-nots, so also is the risk to the entire system that both depend on for survival. Globally, the COVID-19 pandemic exposed the fragility of various sectors of the economy and the interrelationships in various aspects of our lives, revealing their corresponding deficiencies.

Risk perception captures a person's perceived susceptibility to certain threats and hazards. It is well-known that inadequate risk perception affects preventive behavior. This could be attributed to the underestimation of the situation, and a lack of fear or anxiety about the appropriate situation. Thus, actions taken by people (prevention and avoidance) are a function of their perception of the hazard (Coppola, 2011). People's knowledge, experience, values, attitudes, and feelings influence the judgement and decision about the acceptability and seriousness of the risk, thus their risk perception (Slovic, 1987). Therefore, to achieve the desired change in health behavior, as in the case of COVID-19, adequate targeting of risk perception with interventions is pertinent.

Differences exist between voluntary (knowingly taken risk) and involuntary (risk we are unable to control or not aware of) risk perception. According to Smith (2013), the willingness of the public to accept voluntary risk is several folds greater than that of involuntary risks (Smith, 2013). The way people view or perceive risk is a major problem for disaster risk mitigation. This is particularly important in the case of the COVID-19 pandemic. Risk perception skews how people view the consequences and the likelihood of them getting impacted—in the current situation getting infected with COVID-19.

Knowledge and information provided or available could modify risk perception and subsequent behavior. Exposure to falsehood or misinformation could warp risk perception, thereby changing the dynamic of the spread of an infectious disease such as COVID-19. As the pandemic progressed, misinformation “infodemic” (many conspiracies and false news about the virus) was widely circulated on social networks and the Internet (Zarocostas, 2020). In most cases, governments were playing catch up in trying to correct the misinformation. This pervasiveness of the misinformation created widespread skepticism about the pandemic globally. Similarly, various write-ups and messages about instant remedies for the virus and targeted fake news were being propagated across online mass media and social media (Rathore and Farooq, 2020). The Protective Action Decision Model (PADM) as revised by Lindell and Perry (2012), explained core perception that could form the basis for response decisions by receptors of risk information. Furthermore, the model considered situational facilitators and impediments as factors capable of producing a behavioral response. Applying the PADM ensures that risk communication considers the phase of the hazard phase. For example, risk communication during the emergency and before the emergency needs to be finely tuned to stimulate adequate response suitable for such situations. Thus, effective risk communication must take place within the understanding of people's perception, pre-decision processes, situational factors, and how information flow within the context of the emergency. After the design and implementation of the risk communication programmes, there is always the need to monitor and evaluate the programmes. It is in this context that this work become relevant.

The foregoing highlighted the relevance of risk communication in influencing risk perceptions. The challenge of social media networks became apparent (echo chamber) through the pandemic. People are stuck on certain social networks and receive the same falsehood repeatedly echoed, leaving no room for the truth. It should be noted that social media provides a viable means of disseminating information to the citizenry, and some people hide behind the anonymity it offers to perpetuate the evil of misinformation (Obi-Ani et al., 2020). The poor coverage and most probably the paucity of public education campaigns gave room for the spread of misinformation, making the disease more difficult to curtail. The work of Olatunji et al. (2020) showed that COVID-19 conspiracy theories were driven majorly by social media networks, a dearth of trust in political leadership, and the “sensationalisation” of inaccurate COVID-19 news by traditional media. Other studies showed that news media reporting lacked in-depth coverage. They are often alarming and panic-inducing reporting; public sensitisation and education were sparingly captured (Apuke and Omar, 2020). The Herculean task of keeping up with the speed and spread of misinformation on social media cannot be left to chance, due to its importance in shaping people's perception of risk. Thus, lessons must be learnt by the various authorities on the need to build trust. They must understand the dynamics of misinformation on social media and other media.

It could be noted that measuring belief or risk perception is generally difficult to evaluate, and since our risk perception is often threat-specific, i.e., we do not hold the same risk perception about car accidents and COVID-19. Risk perception will often change according to the available information, but it also has deliberative, affective, and experiential components (Ferrer and Klein, 2015).

Most of the data available and research for understanding the restlessness or public attention or risk perception are usually derived from survey data and generalized to a spatial unit. Thus, there is a data gap, in this respect. Google Trends and Google Mobility data could fill this data gap. Google Trends provides data on online search queries and offers a unique opportunity for gauging the restlessness or attention of people on many issues. Coupled with the availability of geographic context and time for these queries, it provides an opportunity to carry out a spatial analysis of the pattern formed by the online search data. Google Trend and other search data have been used in many works across different fields. For example, in the analysis of public attention on housing prices in China (Zhang and Tang, 2016); tracking public opinion, economy, anxieties, etc. (Hubbard, 2011); housing price and sales (Wu and Brynjolfsson, 2015); inflation expectation (Guzman, 2011); syndromic surveillance (Johnson et al., 2004; Eysenbach, 2006; Hulth et al., 2009; Pelat et al., 2009); unemployment forecast (Askitas and Zimmermann, 2009; Naccarato et al., 2015); economic indicators (Choi and Varian, 2012); voters roll-off (Reilly et al., 2012); attention on virtual security (Lawal, 2017).

Aggregated mobility data could indicate people's behavior and behavior is the result of the perception of risk during an emergency. Thus, people will make decisions or opt for different choices despite the constraints (Zsolnai, 1998) of the pandemic based on their perception of the risk of exposure and risk of contracting the disease. Travel restrictions were implemented to slow down the spread of the disease globally. behaviors breaching such restrictions are bound to indicate how groups of people perceive their risk of contracting the disease or even dying from the disease. For example, Lawal and Nwegbu (2020) analyse the level of compliance with the travel restrictions during the lockdown in Nigeria. The study utilized aggregated Google Mobility data at the State level to characterize the risk perception of COVID-19 across the States. They concluded that from the evolution of the mobility to different place categories, the mobility pattern indicated that people are accepting the risk of contracting COVID-19 as an involuntary risk they need to accept. This work showcased the possibility of the utlisation of Google mobility data for risk perception analysis.



DATA AND METHODS


Data

Mobility data was sourced from the Google COVID-19 mobility report (Google LLC, 2020). The dataset represents the percentage change in mobility around six place categories from their baseline. The baseline period is 5 weeks between January 3 and February 6, 2020. The places categories captured are:

1. Grocery and pharmacy (GRPH): grocery markets, food warehouses, farmers' markets, speciality food stores, drug stores, and pharmacies.

2. Parks (PARK): local parks, national parks, public beaches, marinas, dog parks, plazas, and public gardens.

3. Transit stations (TRST): public transport hubs such as subway, bus, and train stations.

4. Retail and recreation (RTRC): restaurants, cafes, shopping centers, theme parks, museums, libraries, and movie theaters.

5. Residential (RESD): places of residence.

6. Workplaces (WKPL): places of work.

Google trend data are a time series index of the volume of queries (search) submitted by users in each geographic area, each data point is divided by the total searches for the location and time range it represents (Lawal, 2017). To derive the data points, the total query volume for the search term (for example “COVID-19”) is divided by the total number of queries (all the queries) during the period of interest for a location or region of interest. The data is then normalized to have values ranging between 0 and 100, showing the search term's proportion to all searches across all topics in the region (Google Inc., 2017). Six search terms were considered: Covid, Covid19, corona, Coronavirus, coronavirus, and COVID-19.

For COVID-19 case statistics (total cases and new cases), data was sourced from the COVID-19 Data Repository by the Center for Systems Science and Engineering (CSSE) at Johns Hopkins University (Dong et al., 2020). Additional case statistics, such as new cases per million and an indicator of the stringency of government response and policies (stringency index) were collated from the Our World in Data COVID-19 data repository (https://covid.ourworldindata.org/).

Search index, new cases data and mobility data were collated for the period between February 28th 2020 to June 30th 2020, covering the day from the first confirmed case to the day the Government Response Index declined to below 66 (relaxing of stringency), according to data collated by Hale et al. (2021) for Nigeria.



Methods

To examine the temporal pattern of Public Restlessness, the search index data was plotted over time in comparison to the daily number of cases. A similar approach was adopted to compare the underlying pattern of mobility and newly recorded cases. Descriptive statistics were computed to summarize the distribution across the period under consideration. Spearman Rank Correlation analysis was carried out to examine the strength and direction of association across the variables of interest (mobility, search index and COVID-19 case statistics) in the study.




RESULTS AND DISCUSSION


Analysis of Public Restlessness From Google Trend Data

The search terms “Coronavirus” and “coronavirus” had a similar trend throughout the period considered and peaked around 26 March 2020, and a spike to the same peak was recorded on 2 April 2020 (Figure 1A). The search index for these two terms trended upwards from the record of the 1st case of COVID-19 in Nigeria. The trend turned downward from the peak on March 26, for both terms, and continued even through the announcement of the institution of the Nationwide lockdown on March 28, 2020. It would have been expected that the institution of lockdown would have stimulated more interest in the disease. The decline in interest (and alternatively public restlessness) continued until the 12th of April with a spike in interest on the 2nd and 8th of April 2020. The upward trend resumed on the 13th of April coinciding with the increasing number of cases; this continued until the 17th of April, with sharp variation in interest for these search terms until the 26th of April, when a consistent downward trend in interest resumed. Despite the growing number of new cases of COVID-19, the search index for these two terms continued to downtrend consistently, this is a very curious situation.
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FIGURE 1. Trend of public attention on COVID-19 related search terms and new COVID-19 cases (A) Search terms: Coronavirus and coronavirus (B) Search terms: corona and Covid, and (C) Search terms: COVID-19 and Covid19.


In the case of search terms “corona” and “Covid” (Figure 1B), the public interest for them trended upward generally from the discovery of the first case until the 24th of March. Search interest for “Covid” after a sharp decline on the 25th of March continued in an uptrend, achieving a peak on the 29th of March (a day after the institution of the Lockdown).

Search interest for the “corona” decreased sharply from the peak achieved on 25 March, and this continued throughout the period under consideration. This is despite the almost constant increase in the number of new cases of COVID-19 in Nigeria. The search interest for “Covid” recorded a general downward trend from the peak achieved on 29 March until 10 April and 14 April, when a new uptrend was established lasting 9 days (23rd of April). A new downtrend in public interest started and continued until 5 June. From the 5th of June, a fluctuating pattern of public interest in the search term emerged. This new trend continued until the end of the period considered. After the decline which ended on 5 June, the changes in the public interest for the search term “Covid” showed a variation analogous to the variation in new cases of COVID-19.

Figure 1C showed that an initial increase in the public interest was also observed similar to the observation in Figures 1A,B for the search terms “COVID-19” and “Covid19.” Although the two achieved peaks at different times, 29 March for ‘COVID-19” and 1 April for “Covid19,” just at the beginning of the National Lockdown). These search terms witnessed declined generally from their respective peaks in late March, reaching a base around the 2nd and 1st week of May after which a new downward trend begins until the 25th of May (Covid19) and the 4th of June (COVID-19) when the variation in public interest somewhat mimic the changes in the announcement of new cases of the disease. For all search terms, the trend of public interest or public restlessness is more pronounced at the beginning (during the 30 days of the first case emergence in Nigeria) than in subsequent months, during which the country recorded more cases and an increase in the spread of the disease.



Mobility Trend and COVID Cases

Mobility was used as a proxy to capture the perception of the populace in terms of the COVID-19 epidemic and the potential effectiveness of the risk communication efforts. The trend of new cases and the trend of mobility toward place categories are presented in Figure 2. The comparison showcased the potential association between mobility trends and COVID 19 cases, thus providing an opportunity to examine how risk communication shapes perception and consequently the number of new cases in the country.
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FIGURE 2. Trend of new cases and percentage changes in mobility from baseline to selected destinations (A) Place categories: WRPL and RESD (B) Place categories: RTRC and TRST, and (C) Place categories: GRPH and PARK.


A comparison of WKPL and RESD mobility trends with new cases of COVID-19 (Figure 2A) showed that considerable changes in mobility were observed for these place categories around the time of the institution of national lockdown in Nigeria. The trend showed that many gravitate toward the residential areas (increase in percentage change from baseline aggregated mobility), while gravitation toward the workplace witnessed a much sharper decline. In terms of the number of new cases, there was a decrease that mimicked the trend of mobility toward WKPL at the initial phase of the pandemic.

However, as the mobility trend (downward for WKPL and upward trend for RESD categories) peaked around the second week of April, the number of new cases started increasing with similar changes in mobility toward workplace and residential areas. Albeit the fluctuations in the mobility trends, the general trend shows increased mobility toward workplaces and a gradual movement away from residential areas. Essentially, there seem to be more people going to work and leaving their residences, and the general trend for the number of new cases was upward in line with the mobility trend.

Mobility trends for RTRC and TRST were compared to the new cases (Figure 2B). The result showed that mobility toward these two place categories is almost moving in lockstep, and both witnessed a decline which peaked around the second week of April 2020. The percentage change from baseline for these two fluctuated −46% and −58% from the time of the institution of the lockdown and the first week of May 2020. The consolidation of mobility during this period showed no association with the number of new cases. Although the peak of mobility decline for these two coincides with the trough of the new cases which occurred on the 13th of April 2020. From this date, despite the consolidation observed for mobility, new cases started on another uptrend. The uptrend continued with increasing gravitation toward these place categories.

The percentage changes in mobility toward parks (PARK) and grocery and pharmacy (GRPH) were also compared with the number of new cases in Figure 2C. The trend was like what was observed for RTRC and TRST. However, the points at which the peak of the decline was observed were different (1st week of May 2020 for PARK and the 4th week of April for GRPH). More so, the consolidation observed for RTRC and TRST was also absent for PARK and GRPH. The number of new cases showed no clear association with the mobility trend for these two place categories up till the first week of May. From this point onward the number of new cases and mobility trend started a concurrent uptrend.



Analysis of Public Restlessness, Mobility and Case Numbers

To quantify the strength and identify the direction of association between public restlessness (captured by the Google search index), mobility (captured by percentage change from baseline mobility), and COVID 19 case statistics, correlation analysis was carried out.

For the search terms utilized in this study, three (corona, Coronavirus, and coronavirus) displayed a statistically significant (P < 0.05) and strong negative association with total cases, new cases, and new cases per million (Table 1). The stringency index represents the strictness of government policies to control the spread of the virus. Results in Table 1 showed that the index has a statistically significant and weak positive association with some of the search terms (COVID19, Covid, and Covid19) while it displayed a statistically significant but weak negative association with the search term “corona.”


Table 1. Correlation analysis results testing the association between restlessness, mobility, and COVID-19 case numbers.
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The observed association between some of the search terms and case statistics indicated that increasing public restlessness is associated with a lower number of cases. In the case of public restlessness indicators (search terms) and the indicator of COVID-19 government policy strictness, a positive association was observed.

Comparison of the mobility and stringency index showed statistically significant and moderate to strong (correlation coefficient between 0.5 and 0.7) negative association with all the place categories except RESD. Changes in mobility for RESD displayed a strong positive and statistically significant relationship with the stringency index. This suggests that an increase in stringency index is associated with a decrease in percentage change from baseline mobility toward most places categories (RESD displayed the opposite).

Mobility toward PARK and RESD showed association with COVID-19 case statistics. The place category PARK displayed a statistically significant but weak negative association with total cases, new cases, and new cases per million. RESD displayed a weak positive but statistically significant association with the three case statistics. The relationship observed that mobility played a very small role in explaining the COVID-19 case statistics.



Discussion

Public restlessness, as captured by the Google search index, captured the increased attention of the public toward the pandemic. The analysis of the search terms revealed the dynamics of the public attention or restlessness over the period under consideration. Essentially, attention peaked early across Nigeria and most especially just around the time of the institution of the nationwide lockdown. Thus, restlessness declined considerably after the introduction of the lockdown, as reflected by the decline in the search index for all the search terms, despite the increase in the number of cases. It is plausible to deduce that after the lockdown, most people became complacent about the disease. This is similar to the findings of Effenberger et al. (2020) which highlighted that public interest in COVID peaked across some countries in Europe, North America, North Africa, and Asia before the peak of the new COVID-19 cases. This was also corroborated by similar work in Taiwan (Husnayain et al., 2020). The finding thus indicated the potential of the search index for gauging public interest or restlessness under emergency or disaster conditions.

Mobility toward most place categories showed a sharp decline at the beginning of the pandemic, except for residential areas (which witnessed an increase). This signifies that, as the populace gets more aware of the pandemic, the understanding and potentially the fear of contracting the diseases drove many away from places they usually go to and stayed at home. This reaction was reflected temporarily in the number of cases (slight decline), but the upward trend in new cases resumed shortly. As the mobility began an upward trend after a short consolidation of the trend, the number of new cases continued. The trend for the magnitude of new cases surpassed previous numbers despite a marked percentage decline in mobility across most place categories. This could be because of increasing testing capacity, as well as the inadequate implementation of non-pharmaceutical interventions (NPI). There are indications that many people are not able to maintain social distance, had challenges in maintaining a livelihood, and had little or no access to NPI (e.g., lack of access to a handwashing facility with water and soap, and nose masks were unaffordable or unavailable). The mobility restriction led to income losses and a reduction in purchasing power among the poorest households), thus making it very difficult for many to continue to abide by the lockdown. A recent report showed that state-level mobility restrictions reduced the probability of non-farm business activities participation by 11% and increased the household experience of food insecurity by 13% (Amare et al., 2021).

The relationship between COVID-19 case statistics and some indicators of public restlessness indicated that, as interest declines, the number of cases increases. This is contrary to the observation of Effenberger et al. (2020). Their results showed that the number of new cases has a negative association with selected search terms in Iran but, for all the other countries examined (North Africa, Asia, North America, Europe), the association is positive. The disparity could be attributed to the differences in the public risk communication programme, and most importantly, the risk perception of the people. In the Nigerian situation, the fatalistic attitude of society is a dangerous one that often dissuades the prioritisation of prevention and preparedness. Thus, exacerbating losses and damages. For example, a cross-sectional survey of knowledge and preventive practise in the Southeastern city of Enugu revealed that the use of face masks and the avoidance of crowds was poorly practised as COVID-19 NPI (Nwonwu et al., 2020).

In the case of the association between the stringency index and public restlessness, the observation indicated that while a weak association was recorded, the stricter the policy, the higher the public restlessness or interest. Thus, stricter government policy can stimulate interest to some extent. There is an indication that stringency and public interest increased to a point after which people have had enough, in essence, a point of information fatigue. This is in agreement with the findings of Skulmowski and Standl (2021). They showed as time passes the need for information about COVID-19 declines (attention and restlessness), as such, even when new waves are being reported, very little behavioral change can be expected.

The weak negative relationship observed between case statistics and mobility for all place categories except RESD indicated that the role of mobility may be small, but it is not negligible. This is in line with the findings of Ajide et al. (2020) who found that the RESD is a positively signed predictor of new COVID-19 cases, while all the others are negatively signed predictors. The weak association could be attributed to the fact that, after the initial decline and compliance with restrictions, people consciously or otherwise accepted the risk and carried on with their daily activities (Lawal and Nwegbu, 2020). This could be expected as fatigue sets in, and because of the lack of social safety (many are unable to earn income for their upkeep and survival)—are thus motivated to seek their proverbial “daily bread.” Many consequently deduced that the health risk due to COVID-19 infection is not as bad as dying of hunger under the mobility restriction. The finding thus shows that mobility toward certain places (except residential areas) is associated with lower infection rates. In the same vein, mobility toward residence, if not backed up with adequate NPI, can result in increasing infection (Ajide et al., 2020). It is plausible to deduce that in households and across communities where NPI is not practical, it will be difficult to be successful in curtailing the spread of the disease. This has made some dubbed the pandemic as the inequal virus, as some people have the luxury of staying at home because they have the financial wherewithal and the adequate space, while others are forced to live in cramped conditions (further spreading the disease).

The association between percentage change in mobility from baseline showed that the index mirrors what is going on across the country concerning the lockdown which restricts mobility. The observation of a moderate to a strong association between stringency index and mobility indicates that people heard and changed their actions. But the changes appeared to be only limited to mobility for some time. Other actions to limit the spread were not effective in reducing the number of cases—as the number of cases continues to rise, despite the heightened stringency. The other plausible explanation is that people are not able to follow the guidelines as specified by the government policies.

Policy strictness appeared to have worked to some extent, most especially for mobility. This showed that the mobility data from the Google dataset was able to reflect some aspects of the stringency of government policies for preventing the spread of the disease. There is a possibility that, by looking at the two—mobility and stringency index, there is a possibility of identifying where the policy gaps are present in the response. For example, the stringency index for Nigeria reached a peak around the date of the institution of the lockdown and remained relatively the same, all through the period considered. A similar plateau was found in Latin America, as reported by Zhu et al. (2020). When this is compared to the growing number of cases, there is evidence that suggests that there is a gap in the policy response. Zhu et al. (2020) in their comparison of stringency index and mobility across Latin America between February and May 2020, identified divergence between the mobility and stringency index. The evidence suggests that the policy responses (as captured by the stringency index) are not nimble or responsive enough to ensure that cases reduce in line with the policies. This represents a major learning opportunity for a public health emergency response for Nigeria and many countries. This gap was further highlighted by Dzator et al. (2021) from their global analysis of Stringency and COVID-19 cases. They reported that case statistics have an inverted U-shaped relationship with stringency. A similar relationship was reported between case statistics and the population with access to basic handwashing facilities. Thus, the effect reaches a peak and begins to decline gradually, implying that other measures and policies are required to bring the case numbers down.




LIMITATIONS

It should be noted that not everyone uses Google as their search engine, therefore there is a part of the population that is not captured in the Google Trend Dataset. However, as it is the most widely used search engine, the data is robust enough. The same problem of potentially incomplete data also plagued the Google Mobility Dataset. Some people may not activate their location tracking and some are not using Google Android Operating System for mobiles which allowed location tracking. However, these datasets are useful indicators while other sources of data are developed, and data collected.



CONCLUSION AND RECOMMENDATION

The analysis revealed that public restlessness can be captured by examining the trend in relevant keywords across the country. This can be useful in targeting risk communication to meet the needs and interests of the people, and most important to stimulate the required actions toward emergencies like the COVID-19 pandemic. Mobility restriction was observed for some time. However, compliance wanes after a short period. This waning was also reflected in the number of new COVID cases. Similarly, public interest waned, while the number of new cases increased. From the evidence, we can conclude that people heard the message and adhere to the policies they found practical for their lives. But after a while, they got tired.

From the foregoing, it is apparent that:

1. Many got tired of the message and lost interest in the message hence stop responding

2. Many have little or no wherewithal to respond adequately to the government policy responses

3. Government policy responses lack adequate flexibility and nimbleness to adapt to public restlessness and opinion and thereby limit the spread of COVID-19.

Conclusively, the evidence suggests that risk perception was poorly targeted by the various risk communication interventions and policies. So also, the risk communication and policy interventions remain rigid. Thus, the unsuccessful attempt at changing risk perceptions was partly responsible for the undesirable health behaviors noticed during the period examined.

In light of this, there is a need to continuously examine the impact of public communication during an emergency and adjust accordingly for subsequent emergencies. Risk communication must be adapted to ensure the fatigue is prevented. For example, communication should be more personalized, thus information strategies that could avoid information overload should be prioritized. This would avoid inducing negative emotions and ensure that personally relevant information is shared.

Furthermore, the use of the Google trend provides a tool for which relevant agencies can monitor restlessness and interest. This could offer evidence to use in the modification of risk communication strategies to ensure effective communication. The divergence between mobility and stringency shows that mobility restrictions should not be the only action, and it is equally important to provide the necessary support to ensure people can act on measures to curtail the spread of infectious diseases. Thus, it is necessary to do the hard work of acting on socio-economic inclusiveness and enhancement of the wellbeing of the people. Poverty increases vulnerability, while also limiting the capacity to respond to warnings and the ability to take precautionary measures. Thus, the effectiveness of risk communication can be limited by poverty. The institution of policies that improve income, job quality, education, housing, health, and equality not only improve the wellbeing of the poor and disadvantaged but will also enhance the resilience and adaptative capacities of the people. This ultimately improves the effectiveness of risk communication. As such, the pandemic reminded us that we are as strong as the weakest among us.
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