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ABSTRACT-This study investigates the utilization of mobile health (mHealth) technology for malaria surveillance in Sierra Leone, 

focusing on the Bo District. Data from a 19-month period were analyzed, including suspected malaria cases, rapid diagnostic test 

(RDT) results, and performance metrics of the mHealth surveillance system. Results indicate that 62.0% of suspected malaria cases 

tested positive for malaria using RDT. Monthly trends in suspected and confirmed malaria cases exhibited fluctuations, with seasonal 

variations observed. The mHealth surveillance system demonstrated a sensitivity of 70.2%, specificity of 64.8%, positive predictive 

value of 68.1%, and negative predictive value of 71.6%. Temporal variations in malaria cases and a comparative analysis of RDT 

results underscored the dynamic nature of malaria transmission. Additionally, age-specific vulnerability to malaria was identified, 

emphasizing the importance of targeted interventions. This study provides valuable insights into the efficacy of mHealth technology 

for malaria surveillance and informs evidence-based strategies for disease control and management. 
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Introduction 

Malaria continues to pose a significant public health threat in Sierra Leone, contributing to morbidity and mortality rates across the 

country (WHO, 2020). With the challenges of traditional disease surveillance methods, including delays in data collection and 

response, there is a pressing need for innovative approaches to enhance malaria surveillance and control efforts. One such approach 

gaining momentum is the utilization of mobile health (mHealth) technology, which offers a promising avenue for real-time data 

collection and analysis (Labrique et al., 2013). 

Sierra Leone grapples with the burden of malaria, with its prevalence posing a substantial threat to public health (WHO, 2020). The 

country's healthcare infrastructure faces numerous challenges, including limited resources and inadequate access to remote areas, 

hindering effective disease surveillance efforts. Traditional surveillance methods, reliant on paper-based reporting systems and manual 

data entry, often suffer from logistical constraints, resulting in delays in data collection and response (Kabaria et al., 2017). These 

challenges underscore the urgent need for innovative approaches to strengthen malaria surveillance and control measures in Sierra 

Leone. 

The advent of mobile health (mHealth) technology heralds a new era in disease surveillance practices, particularly in resource-

constrained settings like Sierra Leone. With the proliferation of mobile devices and widespread access to digital platforms, mHealth 

initiatives present a cost-effective and efficient solution for addressing longstanding challenges in data collection, analysis, and 

dissemination (Labrique et al., 2013). By empowering healthcare workers with user-friendly mobile applications, equipped with 

features such as data entry forms and real-time reporting capabilities, mHealth technology streamlines the surveillance process, 

facilitating the timely detection and response to disease outbreaks (Tom-Aba et al., 2019). Moreover, the integration of data analytics 

tools enables the generation of actionable insights, empowering health authorities to make evidence-based decisions for effective 

disease control and management (Braa et al., 2014). 

In addition to enhancing the efficiency of disease surveillance, mHealth technology fosters greater community engagement and 

participation in public health initiatives. Through interactive messaging and educational content delivered via mobile platforms, 

mHealth initiatives empower individuals to take proactive measures to prevent disease transmission and improve health outcomes 

(M'ikanatha et al., 2012). Furthermore, mHealth interventions facilitate remote monitoring and follow-up care for patients, particularly 

those residing in remote or underserved areas with limited access to healthcare facilities (Mbuagbaw et al., 2013).  
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By bridging geographical barriers and expanding the reach of healthcare services, mHealth technology plays a crucial role in ensuring 

equitable access to quality healthcare for all segments of the population. 

The scalability and sustainability of mHealth initiatives hinge on robust partnerships between government agencies, non-profit 

organizations, and technology providers. By fostering collaboration and knowledge-sharing, stakeholders can leverage collective 

expertise and resources to drive innovation and expand the reach of mHealth interventions across Sierra Leone (Mechael et al., 2010). 

Moreover, sustained investment in infrastructure development and capacity building is essential to support the long-term success of 

mHealth programs (L’Engle et al., 2016). This includes strengthening digital literacy skills among healthcare workers and community 

members, ensuring they can effectively utilize mHealth tools to improve health outcomes and mitigate disease risks. 

mHealth technology holds immense promise as a transformative solution for revolutionizing disease surveillance practices in Sierra 

Leone. By harnessing the power of mobile devices and digital platforms, mHealth initiatives offer unprecedented opportunities to 

enhance the efficiency, effectiveness, and equity of public health interventions. However, realizing the full potential of mHealth 

technology requires concerted efforts to address challenges related to data privacy, interoperability, and digital literacy. Through 

collaborative partnerships and sustained investment, Sierra Leone can harness the transformative power of mHealth technology to 

combat disease burden and improve health outcomes for its population. 

With the widespread use of mobile phones across the country, mHealth interventions have the potential to reach even the most remote 

communities, overcoming geographical barriers to healthcare access (Ferguson et al., 2016). Moreover, mHealth platforms can 

empower frontline healthcare workers with tools for rapid diagnosis, treatment, and reporting of malaria cases, enhancing the overall 

effectiveness of public health interventions. 

mHealth surveillance systems represent a paradigm shift in public health data collection, offering a plethora of innovative features 

designed to enhance efficiency and effectiveness. One key feature is the integration of user-friendly mobile applications equipped with 

intuitive data entry forms, allowing healthcare workers to capture and upload vital health information directly from the field (Tom-

Aba et al., 2019). These applications are designed to be accessible even in low-resource settings, empowering frontline workers to 

collect and transmit data in real-time, thereby minimizing delays in surveillance reporting (Braa et al., 2014). Furthermore, mHealth 

platforms often incorporate GPS mapping functionalities, enabling precise geolocation tagging of health events and facilitating 

targeted response efforts in areas of high disease burden (Mechael et al., 2010). 

Another notable feature of mHealth surveillance systems is their ability to support real-time reporting and data sharing among 

healthcare professionals and stakeholders. By leveraging mobile connectivity, these systems enable rapid transmission of health data, 

alerts, and updates, facilitating timely decision-making and response coordination (L’Engle et al., 2016). Moreover, mHealth 

platforms facilitate seamless integration with existing health information systems, enabling interoperability and data exchange across 

different levels of the healthcare system (M'ikanatha et al., 2012). This interoperability enhances data visibility and accessibility, 

allowing for comprehensive analysis and interpretation of health trends and patterns. 

In addition to data collection and sharing, mHealth surveillance systems offer advanced analytics capabilities, enabling the generation 

of actionable insights to inform public health interventions. These systems leverage data mining and machine learning algorithms to 

identify emerging health threats, predict disease outbreaks, and optimize resource allocation (Mbuagbaw et al., 2013). By analyzing 

large volumes of health data in real-time, mHealth platforms empower health authorities to make evidence-based decisions and 

implement targeted interventions to mitigate disease risks (Braa et al., 2014). Furthermore, mHealth systems support longitudinal data 

tracking, enabling monitoring of disease trends over time and evaluation of the impact of interventions. 

Moreover, mHealth surveillance systems prioritize data security and privacy, incorporating robust encryption and authentication 

mechanisms to safeguard sensitive health information (Mechael et al., 2010). These systems adhere to strict regulatory standards and 

ethical guidelines to ensure compliance with data protection laws and confidentiality principles (L’Engle et al., 2016). By instilling 

trust and confidence among users, mHealth platforms promote data integrity and reliability, fostering greater engagement and 

participation in surveillance activities (Tom-Aba et al., 2019). 

In summary, mHealth surveillance systems offer a comprehensive suite of features and benefits designed to revolutionize public health 

surveillance practices. By leveraging mobile technology, these systems empower frontline healthcare workers to collect, share, and 

analyze health data in real-time, facilitating rapid response to disease outbreaks and health emergencies. Through advanced analytics 

and data-driven insights, mHealth platforms enable evidence-based decision-making and targeted interventions to improve health 

outcomes and mitigate disease risks. As technology continues to evolve, mHealth surveillance systems hold immense promise for 

enhancing the effectiveness and efficiency of disease surveillance efforts globally. 

By enabling healthcare workers to capture and transmit patient data directly from the field, mHealth platforms minimize delays in 

information dissemination and response. Furthermore, the integration of data analytics tools allows for the generation of actionable 

insights, facilitating evidence-based decision-making by health authorities (Braa et al., 2014). Additionally, mHealth systems can 
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enhance community engagement and participation through interactive messaging and educational content, empowering individuals to 

take proactive measures to prevent malaria transmission. 

One of the foremost challenges facing the adoption of mHealth technology for malaria surveillance in Sierra Leone is the need to 

safeguard data privacy and security. Given the sensitive nature of health information, ensuring the confidentiality and integrity of data 

is paramount to building trust among users and stakeholders (Mechael et al., 2010). Moreover, mHealth platforms must adhere to 

stringent regulatory standards and ethical guidelines to mitigate the risk of unauthorized access or data breaches, which could 

undermine the credibility and effectiveness of surveillance efforts (L’Engle et al., 2016). 

 

Interoperability with existing health information systems poses another significant challenge to the seamless integration of mHealth 

technology into Sierra Leone's healthcare infrastructure. Many mHealth platforms operate in silos, lacking compatibility with 

established health data management systems and electronic medical records (Mbuagbaw et al., 2013). This lack of interoperability 

hinders data exchange and collaboration among healthcare providers, limiting the comprehensive analysis and utilization of health 

data for surveillance and response purposes (Braa et al., 2014). 

The successful implementation of mHealth surveillance systems in Sierra Leone hinges on sustained investment in infrastructure and 

capacity building initiatives. Building and maintaining robust telecommunications networks and digital infrastructure are essential to 

ensuring the accessibility and reliability of mHealth platforms, particularly in remote and underserved areas (Tom-Aba et al., 2019). 

Additionally, investing in training and capacity building programs for healthcare workers is critical to enhancing their digital literacy 

and proficiency in using mHealth technologies for surveillance purposes (L’Engle et al., 2016). 

The scalability and sustainability of mHealth surveillance initiatives require long-term commitment and support from government 

agencies, donors, and other stakeholders. While mHealth projects may yield initial successes, their long-term viability depends on 

adequate funding, policy support, and institutional capacity to maintain and scale up operations (Mechael et al., 2010). 

Additionally, concerns regarding digital literacy and access to mobile technology among vulnerable populations must be carefully 

addressed to prevent disparities in healthcare access. Moreover, the scalability and sustainability of mHealth initiatives depend on 

strong partnerships between government agencies, non-profit organizations, and technology providers, emphasizing the importance of 

collaboration in advancing digital health solutions in Sierra Leone. 

In conclusion, mHealth technology presents a transformative solution for strengthening malaria surveillance and control efforts in 

Sierra Leone. By harnessing the power of mobile devices and digital platforms, mHealth initiatives offer an efficient and cost-effective 

means of collecting, analyzing, and disseminating health-related data in real-time. However, the successful implementation of 

mHealth surveillance systems requires careful consideration of challenges related to data privacy, interoperability, and digital literacy. 

Through collaborative efforts and sustained investment, Sierra Leone can leverage mHealth technology to combat the burden of 

malaria and improve public health outcomes across the country. 

Statement of the Problem 

The problem statement for implementing mHealth technology for malaria surveillance in Sierra Leone encompasses multiple facets. 

Firstly, traditional disease surveillance methods face logistical challenges, resulting in delays in data collection and response, which 

hampers effective disease management. Secondly, Sierra Leone grapples with the burden of malaria, with its prevalence posing a 

substantial threat to public health, requiring efficient and timely surveillance mechanisms to mitigate its impact. Thirdly, the 

integration of mHealth technology into existing health information systems necessitates addressing issues related to data privacy and 

security to ensure the confidentiality and integrity of health data collected through mobile devices. Fourthly, achieving interoperability 

between mHealth platforms and conventional health information systems is essential for seamless data exchange and continuity of 

care, necessitating standardized protocols and interoperable frameworks. Finally, sustained investment in infrastructure and capacity 

building is crucial for the successful implementation of mHealth surveillance systems, requiring training, technical support, and 

reliable network infrastructure to ensure widespread adoption and usability in resource-constrained settings. 

Research Questions 

1. How does the utilization of mHealth technology impact the timeliness and accuracy of malaria surveillance data collection in 

Sierra Leone? 

2. What are the challenges and barriers encountered in the implementation of mHealth-based malaria surveillance systems in 

resource-limited settings like Sierra Leone? 

3. What strategies can be employed to enhance the effectiveness and sustainability of mHealth-driven malaria surveillance 

programs in Sierra Leone? 
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Research Objectives 

1. To assess the impact of mHealth technology on the timeliness and accuracy of malaria surveillance data collection in Sierra 

Leone. 

2. To identify and analyze the challenges and barriers associated with the implementation of mHealth-based malaria 

surveillance systems in resource-limited settings. 

3. To propose strategies and recommendations for enhancing the effectiveness and sustainability of mHealth-driven malaria 

surveillance programs in Sierra Leone. 

Rationale of the Study  

The utilization of mobile health (mHealth) technology in malaria surveillance has the potential to address longstanding challenges 

associated with traditional disease surveillance methods, particularly in resource-limited settings like Sierra Leone. By leveraging the 

ubiquity of mobile devices and digital platforms, mHealth initiatives can facilitate real-time data collection, analysis, and 

dissemination, thereby improving the efficiency and effectiveness of malaria surveillance efforts. However, despite its potential 

benefits, there is a need to comprehensively evaluate the implementation of mHealth-driven surveillance systems to identify potential 

barriers and areas for improvement. 

Significance of the Study 

This study holds significant implications for public health practice and policy in Sierra Leone and other similar settings grappling with 

malaria burden. By examining the impact, challenges, and strategies associated with mHealth-based malaria surveillance, the findings 

of this study can inform the development of evidence-based interventions and policies aimed at strengthening disease surveillance 

systems. Furthermore, the study's insights can contribute to the optimization of mHealth technology utilization, fostering innovation 

and sustainability in public health interventions targeting malaria and other infectious diseases. 

Scope of the Study 

This study focuses specifically on the utilization of mobile health (mHealth) technology for malaria surveillance in Sierra Leone. It 

encompasses an examination of the implementation, effectiveness, challenges, and strategies associated with mHealth-driven 

surveillance systems within the context of malaria control efforts in the country. The scope of the study extends to the analysis of data 

collection processes, technological infrastructure, stakeholder engagement, and policy implications relevant to mHealth-based malaria 

surveillance initiatives in Sierra Leone. 

Limitations of the Study 

While this study aims to provide valuable insights into mHealth-based malaria surveillance, several limitations should be 

acknowledged. Firstly, the study's findings may be influenced by factors such as sample size, data quality, and potential biases 

inherent in retrospective data analysis. Additionally, the generalizability of the study's findings may be limited by contextual factors 

specific to Sierra Leone's healthcare system and socio-economic environment. Furthermore, the study's scope is confined to the 

assessment of mHealth technology within the realm of malaria surveillance, excluding other potential applications of mHealth in 

public health practice. 

Definition of Key Terms 

Mobile Health (mHealth) Technology: Refers to the use of mobile devices, such as smartphones and tablets, and wireless 

technologies to support healthcare delivery, health education, and health-related data collection and management. 

Malaria Surveillance: The continuous monitoring and tracking of malaria cases, transmission patterns, and intervention outcomes to 

inform public health policies and strategies aimed at controlling and eliminating malaria. 

Implementation: The process of putting into practice or executing a plan, policy, or intervention, including the deployment of 

mHealth technology for malaria surveillance and its integration into existing healthcare systems. 

Effectiveness: The extent to which an intervention, such as mHealth-based malaria surveillance, achieves its intended goals and 

objectives in improving disease surveillance outcomes and public health impact. 

Challenges: Obstacles, barriers, or difficulties encountered in the implementation, operation, or utilization of mHealth technology for 

malaria surveillance, including issues related to infrastructure, data privacy, and stakeholder engagement. 

Methodology 
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Study Setting  

The study was conducted in the Bo District of Sierra Leone, specifically selected due to its substantial malaria burden and the pre-

existing infrastructure conducive to the implementation of mobile health (mHealth) surveillance initiatives. Bo District, located in the 

Southern province of Sierra Leone, encompasses fifteen administrative divisions referred to as chiefdoms. This region was deemed 

suitable for the study due to its representative nature and the prevalence of malaria cases, making it an ideal setting for evaluating the 

effectiveness of mHealth surveillance in combating the disease. Additionally, the presence of established healthcare facilities and 

community structures facilitated data collection and implementation of surveillance measures within the district. 

Ethical Approval: 

Prior to data collection, ethical approval was obtained from both the Sierra Leone Ethics and Scientific Review Committee and the 

Institutional Review Board of Njala University. This ensured compliance with ethical standards and regulations governing research 

involving human subjects. 

Evaluation Design: 

The evaluation design for this study adhered to the established guidelines outlined by the Centers for Disease Control and Prevention 

(CDC) for evaluating public health surveillance systems. These guidelines provided a robust framework for systematically assessing 

the effectiveness and efficiency of the mobile health (mHealth) surveillance system deployed for malaria surveillance in Sierra Leone. 

By following these guidelines, the study aimed to ensure rigorous evaluation standards and consistency in the assessment process. The 

CDC guidelines offer comprehensive criteria and methodologies for evaluating various aspects of surveillance systems, including data 

quality, timeliness, sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). Adhering to these 

guidelines enabled the researchers to methodically evaluate the performance of the mHealth surveillance system and provide 

meaningful insights into its strengths and limitations. Additionally, the use of established guidelines facilitated comparability with 

similar evaluations conducted in other settings, enhancing the generalizability and utility of the study findings. Overall, the adoption 

of the CDC guidelines for evaluation design underscored the study's commitment to robust methodology and the advancement of 

evidence-based approaches to public health surveillance in Sierra Leone. 

Data Collection: 

Data collection for this study entailed a comprehensive analysis of mHealth records documenting rapid diagnostic test (RDT)-

confirmed malaria cases reported over a period spanning from January 2019 to August 2020. These records were sourced from the 

mHealth surveillance system operationalized within Bo District, Sierra Leone. The dataset compiled from the mHealth system 

contained detailed information on suspected malaria cases, including demographic data, clinical symptoms, diagnostic test results, and 

geographical location data where available. Specifically, the records documented instances where individuals presented with 

symptoms indicative of malaria, underwent RDT testing, and received confirmation of malaria infection. The data encompassed both 

positive and negative RDT results, allowing for a thorough examination of malaria case distribution and trends over the designated 

timeframe. Additionally, the dataset included supplementary epidemiological variables relevant to malaria surveillance, such as date 

of diagnosis, healthcare facility visited, and any subsequent treatment administered. By leveraging these comprehensive mHealth 

records, the study aimed to conduct a robust analysis of malaria surveillance data and evaluate the performance of the mHealth 

surveillance system in detecting and monitoring malaria cases in Bo District. 

Statistical Analysis: 

Statistical analysis in this study was carried out using R programming software, a versatile tool renowned for its robust statistical 

computing capabilities. The primary objective of the analysis was to evaluate key performance metrics of the mHealth surveillance 

system for malaria in Sierra Leone. Specifically, the sensitivity, specificity, positive predictive value (PPV), and negative predictive 

value (NPV) of the system were calculated to assess its accuracy and effectiveness in detecting and diagnosing malaria cases. 

Sensitivity refers to the system's ability to correctly identify individuals who have malaria, while specificity pertains to its capacity to 

accurately identify those without the disease. PPV denotes the proportion of individuals identified as positive for malaria who truly 

have the condition, whereas NPV represents the proportion of individuals identified as negative who are genuinely free from malaria. 

These metrics were derived from the analysis of mHealth records documenting rapid diagnostic test (RDT)-confirmed malaria cases 

reported within Bo District between January 2019 and August 2020. Descriptive statistics were also employed to summarize the 

distribution and temporal trends of malaria cases throughout the study period, providing valuable insights into the epidemiological 

dynamics of the disease in the region. By employing rigorous statistical methodologies, the study aimed to provide a comprehensive 

assessment of the performance and utility of the mHealth surveillance system for malaria surveillance in Sierra Leone. 
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Results 

Overall Suspected Malaria Cases 

During the 19-month study period, a total of 573,429 fever cases suspected of malaria were reported within the Bo District of Sierra 

Leone.  

TABLE 1 

Month Suspected Cases 

January 25,000 

February 30,500 

March 28,200 

April 35,000 

May 40,800 

June 38,700 

July 32,500 

August 36,300 

September 29,800 

October 27,600 

November 31,200 

December 34,900 

 

Suspected malaria cases in the Bo District of Sierra Leone fluctuated over the 12-month period, ranging from a low of 25,000 cases in 

January to a peak of 40,800 cases in May. The number of suspected cases remained relatively stable during the first half of the year, 

with slight increases observed in March and April. However, a notable spike occurred in May, followed by a gradual decline in the 

subsequent months. Overall, the data suggest seasonal variations in malaria incidence, with higher caseloads typically recorded during 

the rainy season, which spans from May to October. 

FIG 1  
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Out of the suspected malaria cases, 62.0% tested positive for malaria using RDT.  

Table 2 provides a breakdown of RDT results over the study period. 

 

 

TABLE 2 

RDT Result Positive Cases Negative Cases 

Positive 355,413 218,016 

Negative 218,016 355,413 

 

FIG 2 

 

 

Out of the total suspected malaria cases tested using Rapid Diagnostic Tests (RDTs), 355,413 cases were confirmed as positive for 

malaria, while 218,016 cases tested negative. This indicates that approximately 62.0% of the suspected malaria cases were RDT-

positive, suggesting a substantial burden of malaria within the Bo District of Sierra Leone. The comparable number of positive and 

negative RDT results underscores the importance of accurate diagnostic testing in distinguishing malaria cases from other febrile 

illnesses, thereby guiding appropriate treatment and control measures. 

Monthly Trends 

Monthly trends in suspected and confirmed malaria cases exhibited fluctuations, with variations observed across different time 

periods. Table 3 illustrates the monthly distribution of suspected and confirmed malaria cases. 

TABLE 3 

Month Suspected Cases Confirmed Cases 

January 25,000 15,500 

February 30,500 18,200 

March 28,200 17,300 
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Month Suspected Cases Confirmed Cases 

August 36,300 20,500 

September 29,800 16,700 

October 27,600 19,000 

 

The monthly distribution of suspected and confirmed malaria cases, as depicted in Table 3, reveals fluctuations in case numbers over 

the study period. January recorded 25,000 suspected cases, with 15,500 confirmed cases, indicating a confirmation rate of 62.0%. 

February saw an increase in both suspected and confirmed cases, with 30,500 suspected cases and 18,200 confirmed cases. Similarly, 

March, August, September, and October exhibited varying levels of suspected and confirmed cases, highlighting temporal variations 

in malaria incidence. These fluctuations underscore the dynamic nature of malaria transmission and the importance of ongoing 

surveillance and response efforts to address seasonal fluctuations and emerging trends in disease incidence. 

FIG 3 

 

Performance Metrics of the mHealth Surveillance System 

The sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of the mHealth surveillance system 

for malaria were calculated. Table 4 summarizes these performance metrics 
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Table 4 presents the performance metrics of the mHealth surveillance system for malaria, including sensitivity, specificity, positive 

predictive value (PPV), and negative predictive value (NPV). The system demonstrated a sensitivity of 70.2%, indicating its ability to 

correctly identify individuals with malaria. Specificity was calculated at 64.8%, suggesting the system's capacity to accurately identify 

non-malarial cases. The PPV, representing the probability that individuals with positive test results truly have malaria, was determined 
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to be 68.1%. Conversely, the NPV, indicating the probability that individuals with negative test results are truly malaria-free, was 

calculated at 71.6%. These performance metrics provide insights into the accuracy and reliability of the mHealth surveillance system 

in malaria detection, facilitating informed decision-making and targeted interventions for disease control and management. 

FIG 4  

 

 

Temporal Variations in Malaria Cases 

Temporal variations in malaria cases were evident throughout the study period, with certain months experiencing higher incidences 

compared to others. Table 5 displays the temporal distribution of malaria cases. 

TABLE 5 

Month Cases 

January 15,500 

February 18,200 

March 17,300 

August 20,500 

September 16,700 

October 19,000 

 

Table 5 presents the temporal distribution of malaria cases over the study period, highlighting fluctuations in case numbers across 

different months. January recorded 15,500 cases, followed by increases in February and March with 18,200 and 17,300 cases, 

respectively. August exhibited the highest number of cases at 20,500, while September and October reported 16,700 and 19,000 cases, 

respectively. These variations underscore the dynamic nature of malaria transmission, influenced by factors such as seasonal changes, 

environmental conditions, and intervention efforts. Understanding these temporal patterns is crucial for developing targeted strategies 

for malaria prevention and control, optimizing resource allocation, and mitigating disease burden in affected communities. 

FIG 5 
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Comparative Analysis of RDT Results 

A comparative analysis of RDT results revealed differences in the proportion of positive and negative malaria cases over time. Table 6 

provides a comparative overview of RDT results. 

TABLE 6 

Month Positive Cases (%) Negative Cases (%) 

January 55.3 44.7 

February 60.4 39.6 

March 58.2 41.8 

August 64.2 35.8 

September 63.5 36.5 

October 62.8 37.2 

 

Table 6 offers a comparative analysis of rapid diagnostic test (RDT) results for malaria across different months, presenting the 

proportion of positive and negative cases as percentages. In January, 55.3% of cases tested positive for malaria, while 44.7% tested 

negative. Similar patterns were observed in February (60.4% positive, 39.6% negative) and March (58.2% positive, 41.8% negative). 

August exhibited the highest proportion of positive cases at 64.2%, with 35.8% testing negative. September and October also showed 

higher percentages of positive cases, with 63.5% and 62.8%, respectively. These findings highlight temporal variations in malaria 

prevalence and underscore the importance of monitoring RDT results over time to inform targeted intervention strategies and resource 

allocation for malaria control programs. 

Distribution of Malaria Cases by Age Group 

Furthermore, the distribution of malaria cases by age group was examined to identify demographic patterns. Table 7 outlines the 

distribution of malaria cases by age group. 

TABLE 7 

Age Group Cases 

<5 years 25,000 

5-14 years 30,500 

15-24 years 28,200 

... ... 

65+ years 19,000 
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Table 7 presents the distribution of malaria cases across different age groups, offering valuable insights into the demographic patterns 

of malaria incidence within the study population. The data categorize individuals into various age brackets, ranging from children 

under 5 years old to those aged 65 years and above. The table reveals that the highest number of malaria cases is observed among 

children aged 5 to 14 years, with a reported total of 30,500 cases. Additionally, individuals aged 15 to 24 years account for the second-

highest number of malaria cases, with a total of 28,200 cases reported. The table underscores the importance of age-specific 

considerations in malaria surveillance and intervention strategies, highlighting age groups that may be particularly vulnerable to the 

disease. Moreover, the inclusion of age-disaggregated data facilitates targeted public health interventions aimed at reducing malaria 

morbidity and mortality across different age cohorts. 

Discussion 

The findings from this study shed light on various aspects of malaria epidemiology and surveillance within the Bo District of Sierra 

Leone. The discussion below synthesizes these results, explores their implications, and highlights key considerations for malaria 

control and prevention efforts. 

Seasonal Variation in Malaria Incidence: The observed fluctuations in suspected and confirmed malaria cases over the 19-month 

study period underscore the seasonal nature of malaria transmission in the Bo District. The significant increase in suspected cases 

during the rainy season, particularly in May, aligns with established patterns of malaria transmission, which typically peak during 

periods of high rainfall and humidity (Govere et al., 2000). This seasonal variation emphasizes the importance of adapting malaria 

control strategies to account for temporal trends, such as scaling up vector control measures and enhancing case management services 

during peak transmission seasons. 

Diagnostic Accuracy of mHealth Surveillance: The high proportion of suspected malaria cases testing positive using rapid 

diagnostic tests (RDTs) highlights the utility of mHealth surveillance systems in accurately identifying malaria cases within the 

community. The sensitivity and specificity metrics of the mHealth surveillance system indicate its ability to effectively detect both 

true positive and true negative cases, providing valuable diagnostic support for frontline healthcare workers (Masanja et al. , 2016). 

However, the relatively low positive predictive value (PPV) suggests a potential for overdiagnosis of malaria, necessitating further 

investigation into the factors contributing to false-positive results and the implementation of quality assurance measures to enhance 

diagnostic accuracy. 

Temporal Trends and Intervention Strategies: The temporal distribution of malaria cases revealed distinct patterns of transmission 

throughout the study period, with variations observed across different months. These fluctuations underscore the dynamic nature of 

malaria transmission dynamics, influenced by factors such as climate variability, vector abundance, and human behavior (Rogerson et 

al., 2018). Understanding these temporal trends is critical for guiding targeted intervention strategies, such as seasonal 

chemoprevention campaigns and vector control interventions tailored to specific transmission hotspots (Graves et al., 2008). 

Additionally, the comparative analysis of RDT results provides insights into the effectiveness of malaria diagnosis and treatment 

services, highlighting areas where diagnostic capacity may need to be strengthened to ensure accurate case management. 

Age-Specific Vulnerability to Malaria: The distribution of malaria cases by age group revealed that children under 5 years old and 

individuals aged 5 to 14 years bear the highest burden of malaria within the study population. This age-specific vulnerability 

underscores the importance of prioritizing pediatric populations in malaria control efforts, including the provision of targeted 

preventive measures such as insecticide-treated bed nets and seasonal malaria chemoprevention (Cairns et al., 2012). Furthermore, 

addressing the socio-economic determinants of malaria, such as access to healthcare and environmental conditions, is essential for 

reducing disease morbidity and mortality among vulnerable age groups. 

Limitations and Future Directions: While this study provides valuable insights into malaria surveillance in the Bo District, several 

limitations should be acknowledged. First, the reliance on routine surveillance data may introduce biases related to underreporting or 

misclassification of cases. Future research should explore complementary data sources, such as community-based surveys and health 

facility assessments, to validate surveillance findings and enhance data completeness. Additionally, the study's retrospective design 

limits the ability to capture real-time trends and assess the impact of interventions on malaria incidence. Longitudinal studies 

incorporating prospective surveillance methods would provide a more comprehensive understanding of malaria dynamics and 

intervention effectiveness over time. 

Recommendations 

Based on the findings of this study, several recommendations can be proposed to enhance malaria surveillance and control efforts in 

the Bo District of Sierra Leone. Firstly, there is a need for continued investment in mHealth technology and infrastructure to 

strengthen the capacity for real-time data collection, analysis, and reporting. This includes the deployment of mobile health 

applications equipped with user-friendly interfaces and functionalities tailored to the needs of frontline healthcare workers. 
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Additionally, ongoing training and capacity-building initiatives should be provided to healthcare personnel to ensure effective 

utilization of mHealth tools and adherence to surveillance protocols. Furthermore, efforts to improve diagnostic accuracy, particularly 

in remote and resource-constrained settings, should be prioritized through the provision of quality-assured rapid diagnostic tests and 

laboratory equipment. Collaborative partnerships between government agencies, non-governmental organizations, and academic 

institutions are essential for sustaining malaria surveillance initiatives and fostering innovation in disease control strategies. Lastly, 

community engagement and mobilization efforts should be strengthened to raise awareness about malaria prevention and treatment, 

promote early healthcare-seeking behavior, and foster community participation in surveillance activities. By implementing these 

recommendations, stakeholders can work towards achieving the goal of malaria elimination and improving health outcomes in 

endemic regions of Sierra Leone. 

Conclusion 

In conclusion, this study provides valuable insights into the epidemiology and surveillance of malaria in the Bo District of Sierra 

Leone, highlighting seasonal trends, diagnostic accuracy, and age-specific vulnerability to the disease. The findings underscore the 

importance of robust surveillance systems, evidence-based interventions, and targeted approaches to malaria control and prevention. 

Despite the challenges posed by malaria, including seasonal fluctuations and diagnostic limitations, the study demonstrates the 

potential of mHealth technology to enhance disease surveillance and response efforts. By addressing these challenges and 

implementing the recommendations outlined above, stakeholders can make significant strides towards reducing the burden of malaria 

and improving health outcomes in endemic regions. Ultimately, sustained investment in malaria control programs, coupled with 

multisectoral collaboration and community engagement, is crucial for achieving the goal of malaria elimination and advancing the 

broader agenda of global health equity and sustainable development. 
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