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Abstract
The HIV epidemic in Nigeria remains a significant public health challenge, with reported cases rising despite control efforts. Understanding public interest in HIV-related topics through online search trends can provide valuable insights for monitoring and forecasting HIV trends. This study explores the relationship between online search trends for HIV-related terms and reported HIV cases in Nigeria from 2004 to 2023. Using Google Trends and UNAIDS databases, the study found significant correlations between online search trends and reported HIV cases, highlighting the potential of Google Trends data for monitoring public interest. However, time series forecasting revealed that Google Trends data did not significantly predict HIV case reports, suggesting its limitations as a predictive tool. Overall, online search trends reflect public interest in HIV-related topics but may not directly predict actual HIV prevalence in Nigeria.
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1. [bookmark: _heading=h.3znysh7]Introduction
The HIV epidemic is a major public health issue in Nigeria, one of Sub-Saharan Africa's most populated countries, which carries a substantial burden of HIV/AIDS cases. According to recent UNAIDS reports, Nigeria ranks fourth in Africa in terms of the number of people living with HIV, with an expected 2 million (1,900,000-2,300,000) persons infected by the virus by 2023 [1, 2]. While several efforts have been made towards reducing HIV burden, the virus continues to disproportionately affect a category of populations, such as sex workers, transgender women (TGW), men who have sex with men (MSM), and drug users [3]. 
The current issues in HIV prevention, treatment, and care in Nigeria include limited healthcare infrastructure, stigma around HIV, and inadequate access to health services, particularly in rural and underserved communities [4].
HIV surveillance is indispensable for efficient public health planning, resource allocation, and monitoring of intervention programs. Monitoring HIV case trends enables timely responses to emerging outbreaks, informs prevention programs, and aids in assessing the effectiveness of public health policies. However, traditional surveillance approaches, which rely mainly on clinical case reporting, frequently experience delays and underreporting, especially in resource-limited settings like Nigeria [5].
In recent years, there has been an increasing interest in leveraging alternative data sources, such as web search trends, to monitor public health concerns. These data sources, although imperfect, provide real-time insights about public interest and awareness, which can be correlated with actual health trends (reported cases). Google Trends particularly is being increasingly utilized to assess public interest in numerous health topics, including HIV [6, 7]. 
Google Trends provides data on the frequency of specific search terms, which can reflect shifts in awareness, concerns, and behaviors related to HIV/AIDS. Google Trends is a valuable tool that enables researchers to monitor the frequency of specific search terms over time, providing insight into public health interest. It provides normalized search volume statistics for a variety of searches, allowing researchers to examine trends connected to HIV/AIDS and other health issues. While Google Trends data offer advantages such as real-time access and regional participation [8], they also come with limitations, including the potential for biases in search behavior, such as differences in internet access and socio-economic factors [7].
Despite the growing popularity of Google Trends data in health research, there have been few studies that investigate the association between internet search trends and reported HIV cases, particularly in low-resource countries such as Nigeria. While research has been conducted in other locations to forecast diseases using online search trends, the specific association between online HIV-related search activity and reported HIV cases in Nigeria has not been properly investigated. 
This study attempts to fill this gap by investigating the correlation between online search trends for HIV-related search terms and reported HIV cases in Nigeria. By analyzing Google Trends data with UNAIDS reported HIV cases’ data, the study seeks to provide insights into how online search patterns may reflect or forecast actual case trends, providing a complementary tool for Nigerian public health surveillance. However, previous studies have modeled google trends data in predicting HIV incidence  only focused on one state within the country (Nigeria) [9,10], and both studies concluded that Google Trends is useful in predicting HIV cases within the studied states. Other researchers had also explored HIV-related search trends and their relationship to reported cases. A South African study discovered an association between HIV-related search terms and reported cases, indicating that online interest could act as an early warning signal for public health initiatives [11]. Similarly, a study in the United States demonstrated a correlation between online searches for HIV keywords and was of the opinion that Google Trends is a useful tool for predicting new HIV cases at the state level [12]. 
This study is significant in its potential to improve HIV monitoring systems, resulting in a more comprehensive and real-time approach to tracking the HIV epidemic. In addition to adding to HIV surveillance, the findings may have implications for Nigerian public health policies and programs, particularly in terms of HIV prevention, education, and resource allocation.
Nigeria's digital landscape has seen rapid expansion in recent years. There were 122.5 million internet users in 2023 with internet penetration reaching approximately 55.4% in 2023 [13]. The growing use of cellphones and internet access in rural as well as urban areas presents a unique opportunity to use online data for public health purposes. However, there are also issues in interpreting online search trends, as biases related to internet access and literacy levels may impact the accuracy of search data [14].
Several factors could influence HIV-related web search trends in Nigeria, including public health campaigns, media coverage, and changing societal views around HIV. For example, during moments of heightened awareness, such as World AIDS Day, there may be an upsurge in searches for HIV preventive or treatment options [15].
This study will specifically explore whether online search trends for HIV-related terms, such as "HIV", "AIDS", “HIV/AIDS", "HIV symptoms", "HIV prevention", and "HIV causes", correlate with reported HIV cases in Nigeria. By using Pearson correlation analysis, the study examines the strength and direction of this relationship, with the ultimate goal of determining whether online search trends can be a reliable supplementary tool for HIV surveillance in Nigeria.
To further explore the relationship between online search trends and HIV reported cases, a Time Series Analysis using ARIMA was conducted. This additional analysis aimed to assess the predictability of Google Trends data in forecasting future HIV case numbers using the patterns and relationships identified in the Google Trends data.
Nevertheless, this research will contribute to the growing body of knowledge on the use of online search trends in public health surveillance. It will also provide valuable insights for policymakers, public health professionals, and researchers in Nigeria and other resource-limited settings, where traditional methods of disease surveillance may be hindered by infrastructural and logistical challenges. By examining the potential of online search data, this study aims to explore whether online search trends for HIV-related terms correlate with reported HIV cases in Nigeria.
2. [bookmark: _heading=h.2et92p0]Materials and Methods
[bookmark: _heading=h.tyjcwt]2.1 Data Sources and Data Collection
This study utilized two primary data sources to investigate the relationship between online search trends and reported cases of HIV in Nigeria:
2.1.1 Google Trends Data
Google Trends data were collected using the Google Trends API, which provides access to search volume data over a specified period. This data was used to analyze online search interest in HIV-related terms within Nigeria [16].
2.1.2 Reported Cases’ Data
Data on reported HIV cases were obtained from the UNAIDS database, which compiles comprehensive global health data. For this study, the HIV/AIDS data specific to Nigeria, ranging from January 1, 2004 to December 31, 2023, were collected [17].
[bookmark: _heading=h.3dy6vkm]2.2 Study Period
Data collection for this study occurred in December 2024, with a retrospective analysis covering the period from January 1, 2004, to December 31, 2023. This period was chosen based on available data in both databases.
[bookmark: _heading=h.1t3h5sf]2.3 Search Terms
The following search terms were identified and grouped into two categories for data extraction from Google Trends:
· Terms Reflecting the Disease Condition:
a. HIV
b. AIDS
c. HIV/AIDS
· HIV-Related Keywords:
a. HIV symptoms
b. HIV Causes 
c. HIV prevention
These search terms were selected to reflect various aspects of public interest and awareness of HIV and its related factors, which were then analyzed in relation to the reported case data.
[bookmark: _heading=h.4d34og8]2.4 Data Preprocessing
The Google Trends data collected were aggregated on an annual basis to align with the reported case data. The data were not preprocessed to address missing values because there were no missing values since the monthly data collected were aggregated into years to match the reported cases data. Normalization was performed to scale the search volumes for comparison purposes. The following formula was applied to compute the Normalized Search Volume (NSV) for each search term:
Normalized Search Volume (NSV)= (Search Volume / Maximum Search Volume) * 100
[bookmark: _heading=h.2s8eyo1]2.5 Data Analysis
The Normalized Search Volume data and the reported cases data were analysed using Python version 3.13.
To analyze the relationship between Google Trends data and reported HIV cases, several statistical techniques were employed:
2.5.1 Correlation Analysis
The Pearson correlation coefficient was computed to assess the strength and direction of the relationship between Google Trends search volume data and reported HIV case data across Nigerian states [14].

2.5.2 Trend Analysis
The Mann-Kendall test was used to detect trends over time in the reported HIV cases. This non-parametric test is ideal for assessing monotonic trends in time series data [18].

2.5.3 Time-Series Analysis
Autoregressive Integrated Moving Average (ARIMA) models were applied to examine the seasonal patterns and trends in both HIV search data and reported HIV cases. ARIMA models are widely used for forecasting and understanding time-dependent data.
[bookmark: _heading=h.17dp8vu]3. Result
[bookmark: _heading=h.3rdcrjn]3.1 Trends in Public Interest
The plot of Normalized Search Volume (NSV) (%) for HIV disease condition search terms from 2004 to 2023 as shown in Figure 1 highlights a notable decline in public interest. The blue line for “HIV” search term shows a significant peak in 2004-2005, followed by a sharp decline in 2007. The orange line for “AIDS” search term mirrors this decline, with interest falling below 30% after 2016. The green line for “HIV/AIDS” search term relatively mirrors the trend pattern for “AIDS” term. 
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Figure 1: Normalised HIV Disease Condition Search Plot

The plot of Normalized Search Volume (NSV) (%) of HIV related terms from 2004 to 2023 as shown in Figure 2 reveals key insights into the public interest in HIV-related topics in Nigeria, as captured by Google Trends. The blue line representing the “HIV Symptoms” search term shows a noticeable increase in search volume starting in 2009, with the highest peak around 2019 and again in recent years. The orange line, for “HIV Prevention,” search term reflects a sharp increase in 2010, with the highest peak in 2012 and periodic downward trends. 
The green line, indicating “HIV Causes,” search term demonstrates a gradual rise after 2010, with fluctuations in the following years.
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Figure 2: Normalised HIV Disease Condition Related Search Plot
[bookmark: _heading=h.26in1rg]3.1 Trend Analysis of the Estimated HIV Case Reports
The plot of the Normalized HIV Estimated Report (2004–2023) provides insights into the trend of HIV case estimates in Nigeria, as derived from the UNAIDS database. The blue line, representing the exact estimated HIV case report, shows a steady increase from 2004 till 2023.
The orange line, representing the lower range of estimates and the green line representing the upper range of the estimate follow a similar trend. 
However, the Mann-Kendall trend analysis applied to the estimated HIV cases in Nigeria from 2004 to 2023 revealed a strong positive upward trend with a Tau statistic value of 0.8675 with a p-value < 0.05. This indicates statistically significant increasing trends in the reported HIV cases over the study period. This finding suggests that HIV cases in Nigeria have been steadily rising.
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Figure 3: Normalised HIV Case Reports
[bookmark: _heading=h.lnxbz9]3.3 Correlation Between Online Search Trends and Reported HIV Cases in Nigeria
The  result from the Pearson correlation analysis between normalized search volumes for all search terms and reported HIV cases in Nigeria (2004-2023) as represented in Table 1 revealed significant relationships. Based on the Pearson Correlation Values, weak negative correlations were observed between the search terms “HIV,” “AIDS,” “HIV/AIDS” and reported cases of HIV whereas there was a very strong positive correlation between “HIV Symptoms” and “ HIV Causes” search terms and reported cases of HIV. While there was weak positive correlation between “ HIV Preventions” search term and reported cases of HIV. These correlations were statistically significant with a 95% confidence interval and a p-value < 0.05.

Table 1: Pearson Correlation Values 

	
	HIV
	AIDS
	HIV/AIDS
	Symptoms
	Prevention
	Cause
	Estimate
	Low
	High

	HIV
	1
	0.96 (0.90 0.98)*
	0.92 (0.82 0.97)*
	 -0.88 (-0.95 -0.73)*
	 -0.29 (-0.65  0.17)
	 -0.85 (-0.94 -0.67)*
	 -0.95 (-0.98 -0.88)*
	 -0.94 (-0.97 -0.85)*
	 -0.91 (-0.96 -0.79)*

	AIDS
	0.96 (0.898 0.984)*
	1
	0.99 (0.96 0.99)
	 -0.94 (-0.97 -0.85)*
	 -0.44 (-0.74 -0.00)*
	 -0.89 (-0.95 -0.74)*
	 -0.96 (-0.98 -0.92)*
	 -0.94 (-0.97 -0.86)*
	 -0.92 (-0.97 -0.81)*

	HIV/AIDS
	0.92 (0.816 0.970)*
	0.99 (0.96 0.99)*
	1
	 -0.93 (-0.97 -0.83)*
	 -0.51 (-0.78 -0.09)*
	 -0.85 (-0.94 -0.66)*
	 -0.93 (-0.97 -0.83)*
	 -0.90 (-0.96 -0.76)*
	 -0.88 (-0.95 -0.71)*

	Symptoms
	 -0.89 (-0.98 -0.74)*
	 -0.94 (-0.97 -0.85)*
	 -0.93 (-0.97 -0.83)*
	1
	0.50 (0.07 0.77)*
	0.90 (0.760 0.960)*
	0.93 (0.83 0.973)*
	0.948 (0.87 0.98)*
	0.918 (0.80 0.97)*

	Prevention
	 -0.29 (-0.65 0.166)*
	 -0.44 (-0.74 -0.00)*
	 -0.51 (-0.78 -0.09)*
	0.50 (0.07 0.77)*
	1
	0.54 (0.13 0.79)*
	0.39 (-0.06 0.71)*
	0.346 (-0.11 0.68)
	0.278 (-0.18 0.64)

	Cause
	 -0.85 (-0.94 -0.67)*
	 -0.89 (-0.95 -0.74)*
	 -0.85 (-0.94 -0.66)*
	0.90 (0.76 0.96)*
	0.54 (0.13 0.79)*
	1
	0.89 (0.74 0.96)*
	0.915 (0.79 0.97)*
	0.893 (0.75 0.96)*

	Estimate
	 -0.95 (-0.98 -0.88)*
	 -0.96 (-0.98 -0.92)*
	 -0.93 (-0.97 -0.83)*
	0.93 (0.83 0.97)*
	0.39 (-0.06 0.71)
	0.89 (0.74 0.96)*
	1
	0.941 (0.86 0.98)*
	0.944 (0.86 0.98)*

	Low
	 -0.94 (-0.97 -0.85)*
	 -0.94 (-0.97 -0.86)*
	 -0.90 (-0.96 -0.76)*
	0.94 (0.87 0.98)*
	0.35 (-0.11 0.68)
	0.92 (0.79 0.97)*
	0.94 (0.86 0.98)*
	1
	0.952 (0.88 0.98)*

	High
	 -0.91 (-0.96 -0.79)*
	 -0.92 (-0.97 -0.81)*
	 -0.88 (-0.95 -0.71)*
	0.92 (0.80 0.97)*
	0.28 (-0.18 0  .64)
	0.89 (0.75 0.96)*
	0.94 (0.86 0.98)*
	0.952 (0.88 0.98)*
	1



[bookmark: _heading=h.35nkun2]3.4 Time Series Analysis
The time series analysis performed on the estimated HIV cases in Nigeria as shown in Figure 4 showed significant insights into the forecasting model's effectiveness. The forecast revealed an upward trend. The collected data was divided into training (2004–2019) and test (2020–2022) datasets, with 80% (2004–2019) used as training data and 20% (2020–2022) as testing data. The first order differencing was employed to achieve stationarity after the Augmented Dickey-Fuller test revealed non-stationarity (p-value = 0.5754). The differenced data became stationary (p-value < 0.0001), ensuring the validity of the ARIMA model [9].

The ARIMA model was evaluated in two scenarios: without including Google Trends search terms data and then with Google Trends search terms data (HIV, AIDS, HIV/AIDS, HIV symptoms, HIV prevention, HIV causes) as regressors. Despite the inclusion of the Google Trends data, the model's forecast did not change, indicating that search trends were independent of the reported HIV cases. This suggests there was no discernible relationship between the online search trends for the keywords in predicting the actual HIV prevalence data in Nigeria.

The model's fit was strong, as demonstrated by the low values of key performance metrics as shown in Table 2: MAE (2.50), RMSE (2.74), and MAPE (2.5%), highlighting minimal error in predictions. Furthermore, the AICc (67.36) indicated no overfitting, reaffirming the robustness of the model.
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Figure 4: Prediction of estimated report without google trend data

Table 2: Model Key Performance Metrics 
	key Performance Metrics
	Model without Google Trend
	Model with Google Trend

	AICc
	67.36
	67.36

	RMSE
	2.74
	2.74

	MAE
	2.50
	2.50

	MAPE
	2.5%
	2.5%



[bookmark: _heading=h.1ksv4uv]4. Discussion
The results of this study, "Exploring the Relationship between Online Search Trends and Reported Cases of HIV in Nigeria," provide critical insights into both public interest in HIV and the trends in HIV case reporting, which are important for effective health planning and intervention.
The Normalized Search Volume (NSV) analysis of HIV-related terms, including "HIV," "AIDS," "HIV/AIDS," "HIV Symptoms," "HIV Prevention," and "HIV Causes," reveals a general decline in public interest from 2004 to 2023. The most noticeable drop is observed for "AIDS" and "HIV/AIDS," with the search volume declining below 30% and 20%, respectively, by 2023. This  general downward trend for each search term, potentially reflecting changes in health priorities and media focus over time [19].
However, a more consistent interest is seen in terms such as "HIV Symptoms" and "HIV Causes," with peaks occurring around 2010 and 2019, these peaks can be linked to public health campaigns and the impact of media-driven events or health initiatives aimed at increasing awareness [20, 21].
Meanwhile, the trend analysis of the estimated HIV case reports in Nigeria from 2004 to 2023 shows a persistent upward trend. This is in line with the findings from [22]. The green line, reflecting the higher range of estimates, shows a parallel rise with higher values, suggesting the variability in the HIV epidemic's scope based on different reporting assumptions. These variations highlight the uncertainty in HIV case reporting and underscore the importance of accurate estimation methods for public health planning [23, 24, 25].
[bookmark: _GoBack]The Mann-Kendall test confirmed a statistically significant increasing trend in reported HIV cases over the years, suggesting that the HIV epidemic in Nigeria remains a growing public health concern. This finding is consistent with previous studies that also observed increasing trends in HIV incidence [26].
Pearson correlation analysis between Google Trends data and reported HIV cases revealed significant correlations with varied relationship strengths between the search terms and the reported cases of HIV. This highlights the potential of using Google Trends data as a tool for monitoring public interest but also points to the complexity of its relationship with reported health statistics. These findings suggest that public interest in HIV-related topics, as reflected in online searches, significantly correlates with reported HIV cases, indicating that online search trends could be useful for monitoring and forecasting HIV trends [27, 12, 28, 10].
The time series analysis using the ARIMA model, confirmed that Google Trends search terms data, when used as regressors, did not significantly influence the forecast of reported HIV cases in Nigeria. Despite this, the ARIMA model performed well, as evidenced by the low MAE, RMSE, and MAPE values, suggesting that the model was accurate in forecasting trends without the need for online search data. The non-impact of Google Trends data in the forecasting model in this study suggests that the public’s interest, as measured through online search terms, may not be a reliable predictor of HIV case reporting, pointing to the potential independence of these two factors. This result aligns with findings from the study which found that while google search trends may offer insights into public interest, it seems to be more influenced by the media clamor than by true epidemiological burden [29].
However, there are some limitations to this study that must be addressed. One major limitation is that reliance on Google Trends data  may not fully capture the complexity of public interest in HIV-related topics. Google search behavior can be influenced by various factors such as internet access and literacy levels, particularly in regions like Nigeria. Additionally, the search volume data may reflect interest from a broader population and not necessarily those at risk of HIV, thus introducing bias in the correlation with reported case data. Another limitation is the underreporting of HIV cases, which is common in many low- and middle-income countries, including Nigeria. This reporting bias can skew the analysis, making it difficult to draw definitive conclusions about the relationship between online search trends and actual HIV incidence. Furthermore, the study's use of only one database, UNAIDS, limits the scope of the findings, as other regional or national health data sources may provide a more comprehensive view of the epidemic.
[bookmark: _heading=h.z337ya]5. Conclusion
This study investigated the potential of using online search trends to monitor and predict HIV cases in Nigeria. The Pearson correlation analysis demonstrated significant relationships with varied relationship strengths between HIV-related search terms and reported cases, highlighting the usefulness of Google Trends for gauging public interest. However, the time series forecasting revealed that Google Trends data did not significantly influence HIV case reports, suggesting its limited utility in predicting trends. The findings of this study are important for public health policymakers, as they underscore the need for robust HIV surveillance systems that incorporate a variety of data sources in a manner tailored to the Nigerian context.

Standard Declarations and Statements
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