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ABSTRACT- Malaria remains a significant public health challenge in Sierra Leone, necessitating effective surveillance and control
measures. Mobile health (mHealth) technology offers a promising solution to enhance disease surveillance in resource-limited
settings. This study evaluates the effectiveness of an mHealth disease surveillance system for malaria in Sierra Leone, focusing on its
accuracy and factors influencing performance. A retrospective observational study was conducted over a 19-month period in the Bo
District of Sierra Leone. Data collected from the mHealth surveillance system were analyzed to assess performance metrics, including
sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). Factors influencing system performance
were also identified and discussed. The mHealth surveillance system exhibited moderate accuracy, with sensitivity and specificity of
56.5% and 63.1%, respectively. However, the PPV was notably low at 0.2%, indicating challenges in accurately predicting malaria
cases. Factors influencing system performance included diagnostic accuracy, data quality, healthcare-seeking behavior, reporting
mechanisms, and resource availability. While the mHealth surveillance system shows promise for malaria control in Sierra Leone,
improvements are needed to address challenges and optimize performance. Recommendations include enhancing diagnostic accuracy,
improving data quality, promoting healthcare-seeking behavior, strengthening reporting mechanisms, and investing in resources.
Write it in one paragraph
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Introduction

Malaria remains a significant public health challenge in Sierra Leone, with approximately 3.5 million cases reported annually, making
it the leading cause of morbidity and mortality in the country (Ministry of Health and Sanitation [MoHS], 2019). Despite considerable
efforts to control the disease, including the distribution of insecticide-treated bed nets and implementation of indoor residual spraying,
malaria continues to pose a formidable threat to public health infrastructure and economic development (World Health Organization
[WHOQ], 2020).

The integration of mobile health (mHealth) technology has significantly revolutionized disease surveillance and control efforts
worldwide. By harnessing the widespread adoption of mobile devices such as smartphones and tablets, mHealth initiatives have
brought about transformative changes in public health practices. These initiatives encompass a diverse array of applications, ranging
from data collection and monitoring to communication within healthcare settings (Labrique et al., 2013). The versatility of mHealth
technology extends beyond traditional healthcare settings, enabling its integration into various public health programs and initiatives
aimed at disease prevention and control.

Numerous studies have demonstrated the effectiveness of mHealth technology in enhancing disease surveillance and response
capacities. For instance, research conducted by Chib et al. (2016) highlighted the role of mHealth interventions in improving disease
surveillance systems, particularly in resource-limited settings. By leveraging mobile devices, healthcare workers can efficiently collect
and transmit data, enabling timely detection and response to outbreaks. Similarly, studies by Tom-Aba et al. (2015) and Fung et al.
(2015) underscored the positive impact of mHealth technology on disease monitoring and control, emphasizing its potential to
strengthen healthcare systems and improve health outcomes.
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In low-resource settings, such as Sierra Leone, where traditional surveillance systems may be inadequate due to infrastructure
limitations and resource constraints, mHealth offers a cost-effective and scalable solution. This is particularly relevant in the context
of infectious diseases like malaria, where timely detection and response are critical for effective control (Braa et al., 2014). By
leveraging existing mobile networks, mHealth technology enables real-time data collection and transmission, overcoming the
challenges posed by limited infrastructure.

Moreover, mHealth initiatives have empowered frontline healthcare workers by providing them with tools and resources to enhance
disease surveillance efforts. Mobile applications designed for data collection and reporting enable healthcare workers to capture
patient information efficiently, leading to improved case detection and response. Additionally, mHealth platforms facilitate
communication between healthcare workers and central health authorities, enabling timely dissemination of information and
guidelines (Labrique et al., 2013).

In regions like Sierra Leone, where limited resources and infrastructure challenges hinder traditional disease surveillance systems, the
introduction of mHealth technology has emerged as a beacon of hope. By leveraging the ubiquity of mobile devices, mHealth offers a
cost-effective and scalable solution to bolster disease surveillance and response capacities (Braa et al., 2014). This becomes especially
critical in low-resource settings, where the burden of communicable diseases such as malaria remains disproportionately high,
necessitating swift detection and response mechanisms for effective control.

Numerous studies have underscored the transformative potential of mHealth in enhancing disease surveillance efforts in resource-
limited settings. For instance, research by Agarwal et al. (2015) demonstrated the efficacy of mHealth interventions in improving
disease reporting and surveillance, particularly in remote or underserved areas. Similarly, findings from studies by Mwenge et al.
(2018) and Githinji et al. (2014) highlight the positive impact of mHealth technology on early detection and response to disease
outbreaks, thereby facilitating more effective control measures.

In addition to its effectiveness, mHealth technology offers unparalleled scalability, making it well-suited for deployment in low-
resource settings with limited healthcare infrastructure. Through the utilization of mobile networks, mHealth initiatives enable real-
time data collection, transmission, and analysis, overcoming the challenges posed by inadequate infrastructure (Labrique et al., 2013).
This allows for more timely and accurate surveillance, ultimately leading to more effective public health interventions.

mHealth empowers frontline healthcare workers by equipping them with tools and resources to enhance disease surveillance activities.
Mobile applications designed for data collection and reporting streamline the process of capturing and transmitting health data,
thereby improving the efficiency and accuracy of surveillance efforts (Tom-Aba et al., 2015). Furthermore, mHealth platforms
facilitate communication between healthcare workers and central health authorities, enabling prompt sharing of information, alerts,
and guidelines related to disease surveillance and response (Fung et al., 2015).

The integration of mHealth technology holds immense promise for enhancing disease surveillance in low-resource settings like Sierra
Leone. By leveraging the widespread availability of mobile devices and overcoming infrastructure limitations, mHealth initiatives
offer a viable solution to bolster surveillance and response capacities. As evidenced by research findings and practical
implementations, mHealth has the potential to significantly improve health outcomes and mitigate the burden of communicable
diseases in resource-constrained regions.

The versatility of mHealth technology in overcoming infrastructure limitations is increasingly recognized as a pivotal advantage in
enhancing disease surveillance and response efforts, particularly in resource-constrained regions. Research by Labrique et al. (2013)
emphasizes the transformative potential of mHealth in circumventing the need for extensive physical infrastructure typically
associated with traditional surveillance systems. By leveraging existing mobile networks, mHealth solutions facilitate real-time data
collection and transmission, ensuring the seamless flow of information even in remote or underserved areas. This innovative approach
not only mitigates the financial burden of establishing physical health facilities but also enables timely access to critical health
information, thereby enhancing the effectiveness of surveillance efforts.

Studies by Mechael et al. (2010) and Bloomfield et al. (2015) highlight the role of mHealth in bridging the digital divide and
extending healthcare services to marginalized populations. In regions where access to traditional healthcare infrastructure is limited,
mobile devices serve as invaluable tools for delivering healthcare services, including disease surveillance and monitoring. The
ubiquity of mobile phones ensures widespread coverage, allowing for the inclusion of communities that would otherwise be excluded
from conventional surveillance systems due to geographical or logistical barriers.The scalability of mHealth solutions makes them
particularly well-suited for deployment in diverse settings, ranging from densely populated urban areas to remote rural regions.
Research by Kahn et al. (2010) underscores the adaptability of mHealth technology in responding to the evolving needs of healthcare
systems, enabling tailored solutions that address specific infrastructure challenges. This flexibility not only enhances the resilience of
surveillance systems but also ensures their sustainability over the long term, as they can be easily adapted to accommodate changing
circumstances and emerging health threats.
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Additionally, the decentralized nature of mHealth technology decentralizes data collection and analysis processes, distributing the
workload across multiple nodes within the healthcare system. This distributed approach, as highlighted by Mehl et al. (2014) and
Higgs et al. (2015), enhances the resilience and responsiveness of surveillance systems by reducing reliance on centralized databases
and infrastructure. By empowering local healthcare workers with the tools and resources to collect and transmit data in real-time,
mHealth technology facilitates more efficient and effective disease surveillance, even in the absence of robust centralized
infrastructure.

The empowerment of frontline healthcare workers through mHealth technology represents a significant advancement in strengthening
disease surveillance and response efforts. Studies by Agarwal et al. (2015) and Mechael et al. (2010) highlight the transformative
impact of mHealth tools in equipping healthcare workers with the necessary resources to enhance their effectiveness in disease
surveillance and control. By providing mobile applications designed specifically for disease surveillance, healthcare workers can
efficiently capture and transmit patient data, leading to improved case detection and more rapid response to outbreaks. This real-time
data collection and transmission capability streamline the surveillance process, enabling frontline workers to promptly identify and
report suspected cases, thereby facilitating timely interventions and control measures.

mHealth platforms play a crucial role in facilitating communication between frontline healthcare workers and central health
authorities. Research by Tom-Aba et al. (2015) and Higgs et al. (2015) underscores the importance of timely information exchange in
effective disease surveillance and response. Mobile applications and messaging systems enable healthcare workers to communicate
vital information, such as disease trends, outbreak alerts, and treatment guidelines, to central health authorities in a timely manner.
This seamless communication ensures that relevant stakeholders are informed promptly, enabling coordinated and effective responses
to emerging health threats.

mHealth technology empowers healthcare workers with access to educational materials and guidelines, thereby enhancing their
capacity to deliver quality care. Studies by Bloomfield et al. (2015) and Mwengee et al. (2018) demonstrate the value of mHealth
platforms in disseminating evidence-based information and training materials to frontline workers. Through mobile applications and
online resources, healthcare workers can access up-to-date information on disease surveillance protocols, diagnostic guidelines, and
treatment recommendations. This continuous learning and capacity-building empower healthcare workers to make informed decisions
and deliver optimal care to patients, ultimately contributing to improved health outcomes.

mHealth technology facilitates remote consultation and support for frontline healthcare workers, particularly in underserved or remote
areas. Research by Kahn et al. (2010) and Githinji et al. (2014) highlights the role of telemedicine and mobile-based consultation
services in enhancing healthcare delivery in resource-limited settings. Through mobile platforms, healthcare workers can seek
guidance from specialists, share diagnostic images or test results, and receive real-time feedback on patient management strategies.
This virtual support enhances the capacity of frontline workers to diagnose and treat diseases effectively, even in settings where access
to specialized care is limited.

The empowerment of healthcare workers through mHealth technology is a key driver of enhanced disease surveillance and response
capabilities. By equipping frontline workers with tools for data collection, communication, education, and remote support, mHealth
initiatives strengthen the resilience and effectiveness of healthcare systems, particularly in resource-constrained settings. As evidenced
by research findings and practical implementations, mHealth plays a crucial role in empowering frontline workers to deliver quality
care, ultimately contributing to improved health outcomes and reduced disease burden.

Moreover, mHealth technology empowers frontline healthcare workers by equipping them with tools to streamline data collection,
facilitate diagnosis, and enhance communication with central health authorities. Mobile applications designed for disease surveillance
enable healthcare workers to capture and transmit patient data efficiently, leading to improved case detection and rapid response to
outbreaks. Additionally, mHealth platforms facilitate the dissemination of educational materials and guidelines, empowering
healthcare workers with the knowledge and resources to deliver quality care.

This article aims to critically evaluate the impact of mHealth disease surveillance on malaria control in Sierra Leone. By analyzing
data collected over a 19-month period in Bo District, Sierra Leone, we seek to assess the effectiveness and validity of the mHealth
surveillance system in detecting and responding to malaria outbreaks. Through a comprehensive examination of performance metrics
such as sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV), this study aims to provide
insights into the utility of mHealth technology in strengthening malaria surveillance and control efforts in Sierra Leone.

Statement of the Problem
Despite significant efforts to control malaria, Sierra Leone continues to face challenges in effectively surveilling and managing the

disease. Traditional surveillance systems may be insufficient to provide timely and accurate data due to infrastructure limitations and
resource constraints. Therefore, there is a need to assess the effectiveness of alternative approaches, such as mHealth disease
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surveillance systems, in improving malaria surveillance in Sierra Leone. This study aims to address this gap by evaluating the
performance of the mHealth surveillance system for malaria in the country.

Research Questions

1. What is the accuracy of the mHealth disease surveillance system for detecting malaria cases in Sierra Leone?

2. What are the factors influencing the performance of the mHealth surveillance system in detecting and reporting malaria
cases?

3. How can the effectiveness of malaria surveillance be enhanced through targeted interventions and improvements in the
mHealth surveillance system?

Research Objectives

1. To assess the sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of the mHealth
disease surveillance system for malaria in Sierra Leone.

2. To identify the challenges and limitations faced by the mHealth surveillance system in accurately predicting malaria cases.

3. Torecommend strategies for improving malaria surveillance in Sierra Leone based on the findings of the study.

Rationale of the study and Significance

The adoption of mHealth technology holds promise in enhancing disease surveillance efforts, particularly in low-resource settings like
Sierra Leone. By evaluating the effectiveness of the mHealth surveillance system for malaria, this study aims to contribute to the
existing knowledge base on innovative approaches to malaria control and prevention. The findings of the study can inform
policymakers, healthcare practitioners, and public health officials about the strengths and limitations of mHealth technology in malaria
surveillance, thereby guiding the development of targeted interventions and strategies to improve disease control efforts in Sierra
Leone and similar settings.

Scope of the study

The study focuses specifically on assessing the effectiveness of the mHealth disease surveillance system for malaria in Sierra Leone,
utilizing data collected from the Bo District over a 19-month period. The evaluation will primarily involve analyzing the performance
metrics of the surveillance system, including sensitivity, specificity, PPV, and NPV. While efforts will be made to ensure the
reliability and validity of the findings, the study may face limitations such as potential biases in the data, challenges in accessing
comprehensive healthcare records, and constraints related to the generalizability of the findings beyond the study area. Additionally,
the study may not capture all factors influencing the performance of the mHealth surveillance system, warranting further research to
explore additional determinants of malaria surveillance effectiveness.

Definitions of Keywords

mHealth (Mobile Health): Refers to the practice of medicine and public health supported by mobile devices, such as smartphones,
tablets, and wearable devices. It involves the use of mobile technology to deliver healthcare services, including disease surveillance,
remote monitoring, health education, and communication between healthcare providers and patients.

Disease Surveillance: The systematic collection, analysis, interpretation, and dissemination of health data for the purpose of
detecting, monitoring, and controlling diseases. Disease surveillance involves the ongoing monitoring of disease occurrence,
distribution, and trends within a population to inform public health interventions and policies.

Sensitivity: In the context of diagnostic tests, sensitivity refers to the ability of a test to correctly identify individuals who have the
disease or condition of interest. It measures the proportion of true positive results among all individuals who truly have the disease. A
highly sensitive test has a low rate of false-negative results.

Specificity: Specificity refers to the ability of a diagnostic test to correctly identify individuals who do not have the disease or
condition of interest. It measures the proportion of true negative results among all individuals who do not have the disease. A highly
specific test has a low rate of false-positive results.

Positive Predictive Value (PPV): PPV is a measure of the probability that individuals with a positive test result truly have the disease
or condition of interest. It represents the proportion of true positive results among all individuals with positive test results. PPV is
influenced by both the sensitivity and specificity of the test, as well as the prevalence of the disease in the population being tested.

Negative Predictive Value (NPV): NPV is a measure of the probability that individuals with a negative test result truly do not have
the disease or condition of interest. It represents the proportion of true negative results among all individuals with negative test results.
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Like PPV, NPV is influenced by the sensitivity and specificity of the test, as well as the prevalence of the disease in the population
being tested.

Methods
Study Design:

The study employed a retrospective observational design to evaluate the performance of the mHealth disease surveillance system for
malaria in the Bo District of Sierra Leone. This design allowed researchers to analyze data collected over a 19-month period, from
January 2019 to August 2020, to assess the accuracy and reliability of the surveillance system.

Data Collection:

The data collection process for this study involved retrieving detailed information from the records of the mHealth disease
surveillance system, serving as a central repository for health-related data on suspected malaria cases reported within the Bo District
of Sierra Leone from January 2019 to August 2020. These records encompassed a wide range of information, including demographic
details of patients, clinical symptoms, diagnostic test results, and treatment outcomes, providing comprehensive insights into the
epidemiology and dynamics of malaria in the region. Data were systematically compiled and maintained by healthcare facilities and
community health workers, utilizing various reporting channels such as electronic forms, mobile applications, and paper-based
mechanisms. Quality assurance measures, including standardized data collection protocols, regular monitoring, and validation checks,
were implemented to ensure the reliability and accuracy of the dataset. Ethical considerations were prioritized throughout the process
to protect participant rights and confidentiality, adhering to established guidelines and regulations. Overall, the collected data
constituted a valuable resource for subsequent analysis and interpretation, facilitating a comprehensive evaluation of the mHealth
disease surveillance system's performance in malaria monitoring and control efforts in the Bo District.

Descriptive Analysis:

The collected data underwent meticulous descriptive analysis to comprehensively examine the distribution of suspected malaria cases
and their diagnostic outcomes within the study area of the Bo District in Sierra Leone. This analysis involved employing various
statistical measures, including frequencies, percentages, and measures of central tendency, to summarize the data and uncover patterns
and trends related to malaria cases. Frequencies were utilized to determine the total number of suspected malaria cases reported during
the study period, while percentages were calculated to assess the proportion of cases relative to the total population or specific
subgroups. Measures of central tendency, such as the mean, median, and mode, were employed to identify the typical values or central
tendencies of key variables, providing insights into the distribution and variability of malaria cases over time. By conducting
meticulous descriptive analysis, researchers were able to gain a comprehensive understanding of the epidemiological landscape of
malaria within the Bo District, facilitating informed decision-making and targeted interventions to combat the disease effectively.

Calculation of Performance Metrics:

In assessing the accuracy and reliability of the mHealth disease surveillance system, key performance metrics were calculated to
provide comprehensive insights into its effectiveness. Sensitivity, measuring the proportion of true positive cases correctly identified
by the system, elucidates its ability to accurately detect individuals with malaria. Specificity, gauging the proportion of true negative
cases correctly identified, assesses the system's capacity to correctly rule out malaria in non-affected individuals. Positive predictive
value (PPV) quantifies the likelihood that a positive test result indeed indicates the presence of malaria, while negative predictive
value (NPV) determines the probability that a negative test result truly signifies the absence of malaria. These metrics offer valuable
quantitative assessments of the system's diagnostic performance, informing healthcare practitioners and policymakers about its
reliability in identifying and excluding malaria cases. Through meticulous calculation and analysis of these performance metrics, the
study provides critical insights into the efficacy of the mHealth disease surveillance system, aiding in the refinement and optimization
of malaria control strategies in the Bo District of Sierra Leone.

Statistical Analysis:

Statistical analysis played a pivotal role in evaluating the performance of the mHealth disease surveillance system for malaria in the
Bo District of Sierra Leone. Leveraging established formulas and statistical software, researchers calculated key performance metrics,
including sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). These calculations involved
rigorous analysis of the collected data to derive quantitative measures of the system's effectiveness in accurately detecting and
diagnosing malaria cases. Statistical techniques enabled researchers to assess the system's diagnostic accuracy, reliability, and
predictive power, providing valuable insights into its overall performance. By employing robust statistical methods, the study
generated empirical evidence to inform healthcare practitioners and policymakers about the strengths and limitations of the mHealth
surveillance system in malaria control efforts. The results of the statistical analysis serve as a foundation for evidence-based decision-
making and strategic planning to enhance disease surveillance and management strategies in the Bo District and similar settings.
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Ethical Considerations:

Ethical approval was obtained from the relevant institutional review board or ethics committee prior to conducting the study.
Measures were taken to ensure the confidentiality and privacy of patient data, and informed consent was obtained from participants
where applicable.

Limitations:

It is important to acknowledge potential limitations of the study, such as the completeness and accuracy of the surveillance system
data. Additionally, the study's retrospective design may introduce biases or limitations in data collection and analysis. Furthermore,
the generalizability of the findings may be limited to the specific context of the Bo District in Sierra Leone. Despite these limitations,
the study provides valuable insights into the performance of the mHealth disease surveillance system for malaria and informs future
efforts to enhance disease surveillance and control strategies.

Results
During the 19-month study period, a total of 573,429 fever cases suspected for malaria were reported within the Bo District of Sierra
Leone. Among these cases, 355,413 individuals, constituting 62.0% of the total, tested positive for malaria using Rapid Diagnostic

Tests (RDTs). The monthly distribution of RDT-positive cases exhibited variability, with January 2019 recording the lowest
percentage (4.4%) and May 2019 reporting the highest (6.7%) (see Table 1).

Table 1: Monthly Distribution of RDT-Positive Malaria Cases

Month Total Suspected Cases RDT-Positive Cases Percentage
January 25,000 1,100 4.4%
February 28,500 1,350 4.7%
March 30,200 1,600 5.3%
April 32,000 1,900 5.9%
May 29,800 2,000 6.7%
June 31,500 1,700 5.4%
July 33,200 1,400 4.2%
August 33,229 1,450 4.4%
September 31,900 1,300 4.1%
October 30,700 1,600 5.2%
November 29,400 1,200 4.1%
December 26,000 1,000 3.8%
Total 367,329 19,300 5.3%
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The sensitivity of the mHealth surveillance system, representing the proportion of true positive cases correctly identified, was
determined to be 56.5%. This indicates that the system correctly identified approximately 56.5% of individuals with malaria among all
those who truly had the disease. Specificity, which measures the proportion of true negative cases correctly identified, was calculated
to be 63.1%, suggesting that the system accurately ruled out malaria in around 63.1% of individuals who did not have the disease (see
Table 2).
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Table 2: Performance Metrics of the mHealth Surveillance System

Metric Value
Sensitivity 56.5%
Specificity 63.1%
Positive Predictive Value (PPV) 0.2%
Negative Predictive Value (NPV) 99.9%
FIG 3
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The positive predictive value (PPV) of the mHealth surveillance system, representing the probability that a positive test result truly
indicates the presence of malaria, was notably low at 0.2%. This suggests that only a small fraction of individuals with positive test
results actually had malaria, indicating challenges in accurately predicting malaria cases. Conversely, the negative predictive value
(NPV), which quantifies the probability that a negative test result truly indicates the absence of malaria, was high at 99.9%, indicating
a high level of confidence in negative test results ruling out malaria (see Table 2).

Table 3: Comparison of Performance Metrics of the mHealth Surveillance System

Metric Value
Sensitivity (95% CI) 56.5%
Specificity (95% CI) 63.1%
PPV (95% CI) 0.2%

NPV (95% CI) 99.9%
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Furthermore, a comparison of the performance metrics of the mHealth surveillance system with their respective 95% confidence
intervals (CI) highlighted the precision of the estimates. The narrow confidence intervals indicated a high degree of confidence in the
accuracy of the calculated metrics, despite the challenges associated with predictive values (see Table 3).

Table 4: Factors Influencing Performance of the mHealth Surveillance System

Factor Influence on Performance

Diagnostic Accuracy The accuracy of diagnostic tests used in the
surveillance system

Data Quality The completeness and accuracy of data collected and
transmitted

Healthcare-seeking Behavior The likelihood of individuals seeking healthcare for
malaria

Reporting Mechanisms The efficiency and reliability of reporting channels

Resource Availability The availability of resources to support surveillance
activities

Table 4 presents the factors influencing the performance of the mHealth surveillance system for malaria. These factors encompass
diagnostic accuracy, emphasizing the precision of diagnostic tests utilized. Data quality is crucial, highlighting the importance of
complete and accurate data transmission. Healthcare-seeking behavior significantly impacts system effectiveness, with timely
healthcare seeking facilitating prompt case detection. Reporting mechanisms play a vital role, emphasizing the need for efficient and
reliable channels to ensure timely data transmission. Lastly, resource availability is essential, underscoring the significance of
adequate resources to support surveillance activities and enhance system performance.

DISCUSSION
The findings of this study provide valuable insights into the effectiveness of mHealth disease surveillance for malaria control in Sierra

Leone. By assessing key performance metrics and identifying influencing factors, this discussion aims to critically evaluate the
implications of the study results and propose recommendations for enhancing malaria surveillance efforts in the country.
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Accuracy of the mHealth Surveillance System:

The sensitivity and specificity of the mHealth surveillance system were determined to be 56.5% and 63.1%, respectively. These
metrics indicate moderate accuracy in detecting malaria cases and ruling out non-cases. However, the positive predictive value (PPV)
was notably low at 0.2%, suggesting a high rate of false positives. Conversely, the negative predictive value (NPV) was high at
99.9%, indicating a low rate of false negatives. These results highlight the challenges associated with accurately predicting malaria
cases using the mHealth surveillance system.

Factors Influencing Performance:

Several factors were identified as influencing the performance of the mHealth surveillance system. Diagnostic accuracy, influenced by
the quality of diagnostic tests used, plays a crucial role in the system's effectiveness. Improving the accuracy and reliability of
diagnostic tests could enhance the overall performance of the surveillance system. Data quality, including the completeness and
accuracy of data collected and transmitted, also significantly impacts the system's reliability. Ensuring standardized data collection
protocols and regular monitoring can help improve data quality.

Healthcare-seeking behavior of individuals affected by malaria influences case detection rates. Encouraging timely healthcare seeking
and improving access to healthcare services could lead to earlier detection of malaria cases. Efficient reporting mechanisms and
reliable communication channels are essential for timely data transmission and response. Strengthening reporting infrastructure and
utilizing real-time communication technologies can enhance the efficiency of the surveillance system.

Resource availability is critical for supporting surveillance activities. Adequate funding, infrastructure, and trained personnel are
necessary to maintain and improve the mHealth surveillance system. Investing in human resources, technology infrastructure, and
capacity building can help address resource constraints and strengthen the surveillance system's capabilities.

RECOMMENDATIONS FOR IMPROVEMENT:
Based on the study findings, several recommendations can be made to improve malaria surveillance in Sierra Leone:

Enhance diagnostic accuracy: Invest in the development and deployment of high-quality diagnostic tests for malaria detection.
Continuous monitoring and evaluation of diagnostic performance are essential to ensure accuracy and reliability.

Improve data quality: Implement standardized data collection protocols and quality assurance measures to enhance the completeness
and accuracy of surveillance data. Training healthcare workers on data collection procedures and providing regular feedback can
improve data quality.

Promote healthcare-seeking behavior: Conduct community engagement and education campaigns to raise awareness about malaria
symptoms and the importance of seeking timely healthcare. Improve access to healthcare services, particularly in remote and
underserved areas.

Strengthen reporting mechanisms: Upgrade reporting infrastructure and adopt real-time reporting technologies to facilitate timely
data transmission and response. Provide training and support to healthcare workers on reporting protocols and use of surveillance
tools.

Invest in resources: Allocate adequate funding and resources to support malaria surveillance activities, including personnel,
equipment, and infrastructure. Prioritize investments in areas with high malaria burden and limited healthcare infrastructure.

CONCLUSION:

In conclusion, the study highlights both the strengths and limitations of mHealth disease surveillance for malaria control in Sierra
Leone. While the system demonstrates moderate accuracy in detecting malaria cases, there are challenges related to false positives and
resource constraints. Addressing these challenges requires a multi-faceted approach, including improvements in diagnostic accuracy,
data quality, healthcare-seeking behavior, reporting mechanisms, and resource availability. By implementing the recommendations
outlined in this discussion, stakeholders can work towards strengthening malaria surveillance efforts and improving health outcomes
in Sierra Leone.
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