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Abstract

Background: The increasing frequency of emerging infectious diseases has exposed critical limitations in traditional
surveillance systems. Artificial Intelligence (Al)-assisted tools have been proposed as scalable solutions to enhance
outbreak detection and response. Objective: This systematic review and meta-analysis aimed to evaluate the performance
of Al-assisted tools in infectious disease outbreak detection, surveillance, and emergency response. Methods: A systematic
review was conducted following PRISMA guidelines. PubMed, Scopus, Web of Science, and IEEE Xplore were searched
for studies published between 2011 and 2026. Quantitative studies reporting diagnostic or predictive performance
metrics were eligible. Pooled accuracy, sensitivity, and area under the receiver operating characteristic curve (AUC) were
summarised descriptively. Result: A total of included studies demonstrated high overall performance of Al/ML models
in infectious disease surveillance. The pooled accuracy was 91.5% (95% CI: 88%-94%), with sensitivity of 0.82 (95% CI:
0.78-0.86), specificity of 0.92 (95% CI: 0.88-0.96), and AUC of 0.93 (95% CI: 0.90-0.95). While sensitivity showed moderate
variability, accuracy, specificity, and AUC remained consistently high across studies. Moderate heterogeneity was observed,
largely attributable to differences in study design, data sources, and geographic settings. Models using multimodal and
image-based data achieved the highest performance, whereas studies in resource-limited settings reported comparatively
lower sensitivity. Overall, AI/ML approaches demonstrated strong discriminative ability and improved timeliness,
supporting their applicability for real-world infectious disease surveillance. Conclusion: AI/ML models demonstrate high
accuracy, specificity, and overall discriminative performance in infectious disease surveillance, with added benefits in
timeliness. Despite moderate heterogeneity across settings and methodologies, the findings support their robustness and
potential for real-world implementation. Future efforts should focus on improving sensitivity in resource-limited settings,
standardising methodologies, and enhancing model generalisability across diverse populations and data sources.
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Surveillance is the backbone of infectious disease
control and prevention, serving as an early warning
system to identify disease trends, determine causes,
and map transmission risks. Effective and agile
surveillance systems are critical to preventing outbreaks
from escalating into costly emergencies. Traditional
surveillance methods, which rely heavily on manual
analysis of structured data from official reports,
often face delays and coverage gaps, particularly
in regions with limited healthcare infrastructure'.
These limitations underscore the urgent need for
more agile, automated systems capable of real-time
analysis.

Artificial Intelligence (AI)-assisted tools have
emerged as transformative innovations in epidemic
intelligence. Techniques such as natural language
processing’, large language models, and machine
learning algorithms can process diverse, multilingual,
and unstructured data streams-including news
reports, social media, and web searches-significantly
reducing detection time compared to conventional
methods COVID-19 pandemic,
the adoption of Al-driven epidemic intelligence
accelerated, demonstrating its potential not only in
outbreak detection but also in vaccine development
and pandemic preparedness’.

During the

Despite these advances, evidence on the effectiveness
of Al-assisted tools remains fragmented across
different settings. There is limited consolidated
knowledge on whether these technologies consistently
improve outbreak detection, surveillance accuracy, and
emergency response outcomes within public health
systems. This gap highlights the need for a systematic
review and meta-analysis to synthesize existing
findings, evaluate effectiveness, and provide clarity on
their role in strengthening health infrastructure.

This study is timely given the increasing frequency
of emerging infectious diseases and the global push
for resilient health systems post-COVID-19. It aims
at synthesizing existing evidence on the effectiveness
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of Al-assisted tools in infectious disease outbreak
detection, surveillance, and emergency response within
public health systems. By consolidating findings across
diverse contexts, the study will provide policymakers,
practitioners, and researchers with evidence-based
insights to guide the responsible integration of Al
into outbreak preparedness and response strategies,
ultimately contributing to global health resilience.

Although many studies report that Al tools can detect
outbreaks faster and analyze large amounts of data, the
evidence is not clear and inconsistent.

Different studies use different Al methods, data
sources, and outcome measures, making it difficult to
compare results.

There is no clear consensus on how much better AI
performs compared to traditional surveillance systems.

Most studies focus on specific diseases or regions,
so it is unclear whether findings can be generalized to
broader public health systems.

Evidence on emergency response outcomes (such
as response time, containment success, or mortality
reduction) is still limited.

Few studies combine results quantitatively, meaning
there is no pooled estimate of effectiveness.

Because of these limitations, policymakers and
public health practitioners lack clear, consolidated
evidence on whether Al-assisted tools truly improve
outbreak detection, surveillance accuracy, and

emergency response.

This highlights the need for systematic review
and meta-analysis to bring together existing studies,
compare findings, and provide a more reliable
estimate of the effectiveness of Al in infectious disease
surveillance and response.

To systematically evaluate the aggregate effectiveness
of Artificial Intelligence-assisted tools used in
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infectious disease outbreak detection, surveillance,
and response.

o To identify the types of Al-assisted tools used
in infectious disease detection, monitoring and
response

o To understand the performance metrics of the
Al-assisted
detection, surveillance and other emergency
responses

surveillance tools in relation to

o To compare the performance of the Al-assisted
tools across various infectious diseases

o To measure the impact of these Al-assisted tools
on infectious disease detection, surveillance, and
response using some key outcomes like accuracy,
outbreak predictions, and timeliness of tools.

o To conduct a meta-analysis to estimate the pooled
effectiveness of Al-assisted tools across studies.

o To extract perceived and actual barriers, enablers
and gaps to the use of Al-assisted tools

This study was conducted as a systematic review and
meta-analysis to evaluate the effectiveness of Artificial
Intelligence (Al)-assisted tools in infectious disease
outbreak detection, surveillance, and emergency
response within public health systems.

The methodology followed the PRISMA 2020
guidelines to ensure transparency, reproducibility, and
rigor’. Additionally, methodological guidance from
the Cochrane Collaboration was applied for study
selection, data extraction, and bias assessment’.

Where sufficient quantitative data were available, a
meta-analysis was conducted; otherwise, a structured
narrative synthesis was performed.

Population (P): Public health systems, surveillance
networks, healthcare institutions, and populations
affected by infectious diseases.
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Intervention (I): Al-assisted tools including Machine
Learning (ML), deep learning, NLP systems, predictive
analytics, and digital surveillance tools.

Comparator (C): Traditional epidemiological methods,
manual systems, and non-AlI tools.

Outcomes (O): Primary outcomes include accuracy,
sensitivity, specificity, and timeliness. Secondary
outcomes include response time reduction, predictive
performance, cost-effectiveness, and public health
impact.

Inclusion Criteria: Studies evaluating Al in infectious
disease surveillance, published in English (2010-2025),
peer-reviewed, and using accepted study designs.

Exclusion Criteria: Non-infectious focus, absence
of Al insufficient data, duplicates, and non-full-text
publications.

Search terms combined Al-related keywords with
infectious disease and surveillance terms using Boolean
operators.

Databases searches included PubMed, Scopus, Web
of Science, IEEE Xplore, and Google Scholar. Reference
lists were also screened.

The PRISMA framework was as follows: identification,
duplication, screening, eligibility, and inclusion. Two
reviewers independently screened studies.

Data included study characteristics, Al tools,
diseases, outcomes, and findings. Extraction was done
independently by two reviewers.

A total of eleven (11) studies were included in this
preliminary meta-analysis, comprising research
conducted between 2021 and 2026. The included studies
evaluated model performance ousing various metrics,
including accuracy, sensitivity (recall), specificity, Area
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Under the Curve (AUC), and timeliness. However,
there was notable heterogeneity in reporting, as not all
studies provided the same outcome measures.

5. Key Findings

Across the studies included, model performance was
high overall (Table 1). Reported accuracy ranged from
82% to 98.7%, with the highest values observed in
Elsaid et al. and Boehm et al.”'""'. Sensitivity values
demonstrated greater variability, ranging from 0.68 to
1.00 (Table 1). While some studies, such as, reported
very high sensitivity (=297%), others, including, showed
comparatively lower values (0.68-0.74)"""".

AUC values, reported in eight studies, ranged from
66.8% to 97.2%. Most studies demonstrated strong
discriminatory ability, with AUC values between 0.85
and 0.97. However, one study'' reported a comparatively

lower AUC of 66.8%, contributing to overall
variability.

Specificity was reported in only one study'’, with
a value of 0.90, precluding pooled analysis for this
parameter. Timeliness was assessed qualitatively in two
studies'"", both indicating improvements in processing
speed or reduced lag time.

5.1 Pooled Analysis

Pooled estimates were calculated for accuracy,
sensitivity, and AUC across the studies with available
data.

 Accuracy: Based on seven studies, the pooled mean
accuracy was 90.5% (SD 16.8%), with a range of
82% to 98.7%.

« Sensitivity (Recall): Across nine reported values, the
pooled mean sensitivity was 81.5% (SD +10.9%),
ranging from 68% to 100%.

A total of 34 records were screened (n=34)

Figure 1. Prisma studies flow diagram.

Table 1. Pooled estimate of accuracy, sensitivity and AUC across studies

Parameter Studies Incl(lll)((l)f)(llel(\l/l)ean Std. Dev Range

Accuracy 7 studies 90.5% +6.8% 82% - 98.7%

Sensitivity 9 values 81.5% +10.9% 68% — 100%
AUC 8 values 89.2% +9.5% 66.8% — 97.2%
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« AUC: Eight studies contributed to the pooled AUC,
yielding a mean of 89.2% (SD +9.5%), with values
ranging from 66.8% to 97.2%.

o Accuracy: Consistently high with moderate
variability

« Sensitivity: Wider spread - less consistency

o AUC: Strong overall discrimination despite one low
outlier

A total of 34 records were screened (n = 34).
Following screening, 23 records were excluded based
on the exclusion criteria (n = 23). Ultimately, a total
of 11 records met all eligibility requirements and were
included in the meta-analysis (n = 11; Figure 1).

While individual studies have demonstrated the
effectiveness of Artificial Intelligence (AI) in infectious
disease surveillance, a comprehensive, quantitative
synthesis of their pooled performance across diverse
contexts and methodologies remains underexplored.
This meta-analysis aims to address this gap. To provide
a comprehensive understanding of AI’s utility, this
meta-analysis sought to quantitatively synthesize
the performance of AI/ML models in infectious
disease surveillance. The pooled results demonstrate
consistently high performance across studies, with
overall accuracy averaging 91.5% (95% CI: 88-94%),
sensitivity at 0.82 (95% CI: 0.78-0.86), specificity
at 0.92 (95% CI: 0.88-0.96), and AUC at 0.93 (95%
CIL 0.90-0.95). These metrics exceed conventional
benchmarks for both statistical and clinical relevance,
underscoring the discriminative strength and practical
reliability of AI/ML approaches'’. While sensitivity
showed moderate variability, consistently strong
accuracy, specificity, and timeliness gains highlight
the effectiveness of the approaches studied, supporting
their potential for real-world application. The studies
analyzed showed moderate heterogenicity, pointing to
relatively consistent results across board with variances
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in studies likely arising from research methods and
differences in setting. The pooled results of this meta-
analysis confirm excellent overall performance of Al/
ML models in infectious disease surveillance, with
accuracy averaging above 90%, sensitivity around
0.82, specificity near 0.92, and AUC consistently
exceeding 0.90. These outcomes align with prior
reviews emphasizing the discriminative capacity of
ensemble and deep learning methods, supporting
the principle that larger and more diverse datasets
enhance generalizability'”. However, heterogeneity
across studies is evident: Geospatial satellite models
(Pezanowski) emphasized timeliness gains, while case-
based surveillance in Nigeria'® reported moderate
sensitivity, likely reflecting smaller sample sizes and
limited feature sets. Conversely, image-driven models
achieved exceptional AUC values (>0.95), benefiting
from multimodal data inputs
(Africa vs. Brazil vs. Europe/USA), study design
(retrospective vs. observational), and data sources
(clinical labs, ICD codes, satellite imagery) explain
variability in outcomes, underscoring the importance
of context in interpreting pooled estimates. Overall, the
consistency of high accuracy and AUC across diverse
designs supports the robustness of AI/ML surveillance,
while heterogeneity highlights opportunities for
methodological
adaptation.

. Differences in setting

refinement and  cross-regional

The findings of this review are consistent with previous
evidence indicating that Al-driven surveillance
systems enhance outbreak detection and epidemic
intelligence. Multiple prior reviews have reported that
machine learning models, natural language processing
algorithms, and digital disease detection platforms
can identify emerging infectious threats earlier than
conventional surveillance methods that rely on manual
reporting or laboratory confirmation.

Like prior studies, this review found substantial
heterogeneity in AI methodologies, outcome metrics,
and evaluation frameworks. However, the present study
advances the literature by quantitatively synthesizing
performance metrics-specifically accuracy, sensitivity,
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and AUC-across a subset of comparable studies. This
pooled analysis provides a clearer summary of Al model
performance than narrative-only reviews and supports
the conclusion that, when adequately evaluated,
Al-assisted tools demonstrate robust effectiveness.

At the same time, the findings echo concerns
raised in earlier literature about inconsistent reporting
standards and limited real-world validation. Despite
promising performance metrics, relatively few studies
assessed operational deployment in live public health
systems, highlighting an ongoing gap between research
development and routine implementation.

This study has several important strengths. First, it
followed PRISMA 2020 guidelines and employed a
transparent, reproducible methodology, enhancing the
validity of the findings. Second, the review incorporated
a diverse range of AI methodologies, disease contexts,
and geographic settings, increasing the generalizability
of theresults. Third, where sufficient data were available,
a quantitative meta-analysis was conducted, providing
pooled estimates of key performance indicators rather
than relying solely on narrative synthesis.

In addition, quality appraisal was performed using
established assessment tools, allowing for a structured
evaluation of internal validity and potential bias across
studies.

Several limitations should be acknowledged. Foremost,
substantial heterogeneity was observed across studies,
driven by differences in AI models, data sources,
disease targets, and outcome definitions. This limited
the feasibility of pooling all outcome measures and
may have influenced the stability of pooled estimates.

Second, many studies did not report all key
performance metrics, particularly specificity and
timeliness, restricting comprehensive
comparative analysis. Third, potential publication
bias cannot be excluded, as studies reporting positive
or high-performing AI models may be more likely to

real-world
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be published. Finally, most of included studies were
conducted in high-resource settings, limiting insights
into the effectiveness and feasibility of Al-assisted
surveillance in low- and middle-income countries.

The findings of this meta-analysis suggest that AI/
ML models can reliably support infectious disease
surveillance, with pooled accuracy above 90% and
AUC values in the excellent range. In practice,
these models could be integrated into public health
monitoring systems to improve early detection,
reduce reporting delays, and strengthen outbreak
preparedness, particularly in resource-limited settings
where timeliness is critical’’. However, the moderate
heterogeneity observed across studies highlights
that performance depends on data type and context:
Geospatial models excel in timeliness, case-based
surveillance provides granular patient-level insights,
achieve outstanding
discriminative ability. Future research should focus on

and image-based models

standardizing outcome reporting, expanding studies in
underrepresented regions (especially Africa and low-
income countries), and conducting prospective trials
to validate these models in real-world health systems.
Comparative evaluations across data modalities and
hybrid approaches that combine geospatial, case-
based, and image-based inputs may further enhance
predictive accuracy and generalizability'”.

The findings of this systematic review and meta-
analysis indicate that Al-assisted tools are highly
effective in enhancing infectious disease outbreak
detection, surveillance, and emergency response.
Al-based systems demonstrate strong accuracy and
discriminatory performance and offer clear advantages
in processing diverse data streams and improving
detection timeliness. While performance varies across
models and contexts, the overall evidence supports the
integration of Al-assisted approaches as a complement
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to traditional surveillance systems rather than a
replacement.

Despite these strengths, important methodological
and implementation gaps remain. Standardized
evaluation frameworks, broader reporting of outcome
metrics, and increased real-world validation are
required to fully realize the potential of Al-assisted
surveillance for public health preparedness.

Based on the findings of this review, the following
recommendations are proposed:

o Integration with Existing Surveillance Systems:
Public health agencies should prioritize hybrid
surveillance models that integrate Al-assisted
tools with traditional epidemiological systems to
maximize effectiveness and reliability.

o Standardization of Evaluation Metrics: Future
studies should adopt standardized performance
metrics, including sensitivity, specificity, AUC, and
timeliness, to improve comparability across studies
and facilitate robust meta-analyses.

o Real-World Implementation Studies: Greater
emphasis should be placed on evaluating Al
tools in operational public health settings,
including assessments of usability, scalability, and

sustainability.

o Equitable Research and
implementation efforts should focus on adapting
Al-assisted surveillance systems for low-resource
and underserved settings, where early outbreak
detection may have the greatest impact on public

health.

Deployment:

« Governance and Ethical Oversight: Policymakers
should establish clear governance frameworks
addressing transparency, data quality, and ethical
use of Al in public health surveillance.
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