



Bridging the Gap Between Data Analytics and Public Health Policy: A Review of Translational Barriers and Opportunities
Abstract
Public health systems generate unprecedented volumes of data through electronic health records, disease surveillance networks, mobile health platforms, and environmental sensors, yet this analytical capacity rarely converts into timely policy action. This narrative review examines the structural, technical, institutional, and ethical barriers that separate data analytics from public health policymaking, and identifies opportunities that may narrow this gap. Drawing on literature published between 2018 and the present, the review synthesises evidence across six domains: data governance and interoperability, workforce and institutional capacity, knowledge translation mechanisms, algorithmic bias and equity, visual communication for decision-makers, and the particular constraints faced by low- and middle-income settings. The review finds that technical sophistication in analytics has consistently outpaced the institutional architecture needed to use it, with fragmented data systems, an underprepared informatics workforce, weak knowledge-brokering structures, and uneven regulatory oversight of artificial intelligence each acting as independent and compounding obstacles. Conversely, promising developments in interoperability standards, dashboard design, evidence-to-decision frameworks, and workforce upskilling programmes demonstrate that the gap is narrowing in some jurisdictions, although progress remains uneven across income settings. The review concludes that closing the translational gap requires simultaneous investment in data infrastructure, in the people who interpret it, and in the institutional relationships that connect analysts to decision-makers, rather than further investment in analytic methods alone.
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1. Introduction
Public health agencies now operate within an information environment that would have been unrecognisable two decades ago. Electronic health records, insurance claims databases, syndromic surveillance feeds, genomic sequencing platforms, mobile phone mobility traces, and social media signals together produce a continuous stream of data describing population health in near real time. The COVID-19 pandemic accelerated this trend considerably, forcing health departments to build or expand dashboards, forecasting models, and data-sharing pipelines under emergency conditions (Farinha et al., 2022; Rigby et al., 2024). Investment in artificial intelligence and machine learning for disease surveillance, risk prediction, and resource allocation has grown correspondingly, with applications spanning outbreak detection, chronic disease management, and health system planning (Wang et al., 2025).
Recent evidence on public health data exchange further shows that existing health information exchange organisations may help public health agencies close reporting and analytic gaps, provided that interoperability, connectivity and sustained funding are addressed (Rosenthal et al., 2024). Similarly, scoping evidence on public health surveillance dashboards indicates that dashboard effectiveness depends not only on data availability but also on clear target users, appropriate content, suitable analytic functions and adequate technical infrastructure (Rabiei et al., 2024).
Despite this expansion in analytic capacity, a persistent observation runs through the public health literature: data does not automatically become decision. Policymakers continue to rely on intuition, political negotiation, and incomplete evidence even when more rigorous analytic products exist (Babarczy et al., 2024). The reasons are not simply technical. They involve the fragmented architecture of health information systems, the limited data literacy of much of the public health workforce, weak institutional mechanisms for translating research into policy, legitimate concerns about algorithmic bias and privacy, and the communication gap between analysts who produce findings and officials who must act on them under political and resource constraints. These barriers interact, so that progress on one front, such as improved interoperability, does not by itself guarantee improved policy uptake if workforce capacity or institutional trust remain weak. Recent evidence-informed policymaking scholarship further indicates that the uptake of evidence in public health policy depends on structured criteria and transparent deliberative processes, rather than on the existence of evidence alone (Haby et al., 2025). Comparable governance concerns arise for artificial intelligence, where public health engagement has been proposed as a means to align innovation with collective benefit, equity and accountability (Wagner et al., 2024).
This review uses the term data analytics broadly, encompassing descriptive, predictive, and prescriptive techniques applied to health-related data, including statistical modelling, machine learning, and geographic information systems. The term public health policy is used to denote decisions made by governmental and institutional actors that allocate resources, set regulations, or structure programmes intended to protect or improve population health. Translation, in this context, refers to the process by which analytic outputs become inputs into such decisions, a process studied extensively under the broader heading of knowledge translation.
The remainder of the article proceeds as follows. Section 2 describes the methods used to identify and select literature for this narrative review. Section 3 examines the architecture of public health data systems and the governance arrangements that shape their use. Section 4 considers the public health workforce and the institutional structures that mediate between analysts and policymakers. Section 5 addresses knowledge translation theory and practice as applied specifically to data-driven evidence. Section 6 examines artificial intelligence, algorithmic bias, and equity concerns as they intersect with policy trust. Section 7 turns to the communication of analytic findings through dashboards and visualisation. Section 8 considers the particular constraints and opportunities in low- and middle-income countries. Section 9 outlines future directions, Section 10 presents conclusions, and Section 11 discusses the limitations of this review.
The scope of this review is confined to the translational interface between data analytics and policy decision-making in public health, rather than the technical performance of specific analytic methods, which is treated only insofar as it bears on policy uptake. The review does not attempt a comprehensive technical assessment of machine learning architectures, nor does it cover clinical decision support at the level of individual patient care, which falls outside the population-level focus of public health policy. The principal research gap motivating this review is that existing literature tends to treat the technical, workforce, institutional, and ethical barriers to translation as separate bodies of scholarship, each reviewed within its own disciplinary silo, with comparatively few syntheses that examine how these barriers interact across the full pathway from data generation to policy decision. The objectives of this review are threefold: to map the principal categories of translational barrier identified across recent literature; to characterise the emerging strategies and institutional arrangements that appear to mitigate these barriers; and to identify priority areas where research, investment, or policy attention would most plausibly narrow the gap between analytic capacity and policy action.
2. Methods for Literature Selection
2.1 Review approach
This article adopts a narrative review design rather than a systematic review. Narrative reviews are appropriate where the aim is to integrate a heterogeneous evidence base spanning multiple disciplines, methodologies, and units of analysis into a coherent conceptual synthesis, rather than to answer a narrowly defined, effect-size question amenable to meta-analysis (Baethge et al., 2019). The literature bearing on the translation of data analytics into public health policy spans health informatics, implementation science, public administration, bioethics, and epidemiology, and includes qualitative case studies, scoping reviews, editorials, and quantitative workforce surveys that resist aggregation under a single systematic protocol. Greenhalgh and colleagues have argued that the assumed hierarchy placing systematic reviews categorically above narrative reviews is misleading for precisely this type of question, where conceptual integration across disparate literatures is the primary goal rather than precise effect estimation (Greenhalgh et al., 2018). The present review follows the quality principles articulated in the Scale for the Assessment of Narrative Review Articles, including explicit justification of the review question, transparent description of the search approach, and balanced presentation of literature reflecting differing perspectives (Baethge et al., 2019).
2.2 Databases and search strategy
Literature was identified through searches of Web of Science, Scopus, Google Scholar, and PubMed, supplemented by five field-specific indexing resources selected for their relevance to the subject matter: a biomedical informatics-oriented index, a health policy and systems index, a digital health and global health index, an environmental and geospatial health index, and a health economics and management index. Searches combined terms relating to data analytics (including "big data," "predictive analytics," "machine learning," "artificial intelligence," "data science") with terms relating to public health policy and translation (including "health policy," "knowledge translation," "evidence-informed decision-making," "data governance," "public health surveillance"). Boolean operators were used to combine these term clusters, and searches were restricted to English-language, peer-reviewed journal articles.
2.3 Date range and inclusion criteria
The literature search prioritised publications appearing between January 2018 and March 2026, capturing the period during which data analytics applications in public health expanded substantially, including the COVID-19 pandemic and its aftermath. A small number of older, methodologically foundational references were retained outside this window where they remain the primary citation for a concept still in active use, consistent with standard narrative review practice. Inclusion criteria comprised peer-reviewed journal articles, scoping or systematic reviews, and editorials published in indexed journals that addressed the relationship between health-related data analytics and policy, governance, workforce capacity, or implementation outcomes at a population level. Authoritative institutional reports from bodies such as the World Health Organization, the World Bank, and national public health agencies were eligible for inclusion where no peer-reviewed equivalent existed and a verifiable uniform resource locator could be provided. Books, conference proceedings, trade publications, preprints, patents, and non-peer-reviewed grey literature were excluded, with the partial exception of editorial commentaries published within peer-reviewed journals, which were retained where they offered synthesis value.
2.4 Screening, duplicate handling, and selection of influential studies
Search results were screened initially by title and abstract for topical relevance to the translational interface between analytics and policy, with full texts retrieved for articles meeting this threshold. Duplicate records returned across multiple databases were identified by matching digital object identifiers and removed prior to full-text screening. Given the narrative design, no fixed quota of included studies per theme was set; instead, studies were selected purposively to represent the principal conceptual strands identified during preliminary scoping, with priority given to studies that were highly cited within their subfield, that reported original empirical data on workforce capacity or governance arrangements, or that offered a synthesis function comparable to the present review. Non-English language studies were excluded, as were studies focused exclusively on clinical decision support without a population health or policy dimension.
2.5 Summary of search strategy
Table 1 summarises the search strategy applied across databases.
Table 1. Summary of literature search strategy
	Element
	Specification

	Databases searched
	Web of Science, Scopus, Google Scholar, PubMed, plus field-specific indices for biomedical informatics, health policy and systems, digital and global health, geospatial health, and health economics

	Search terms
	Combinations of "data analytics," "big data," "artificial intelligence," "machine learning," "data science" with "public health policy," "knowledge translation," "evidence-informed decision-making," "data governance," "surveillance"

	Date range
	January 2018 to 31 March 2026, with selected foundational sources retained outside this range

	Language
	English only

	Study types included
	Peer-reviewed journal articles, scoping and systematic reviews, editorials with synthesis value, authoritative institutional reports with verifiable URLs

	Study types excluded
	Books, conference proceedings, trade publications, preprints, patents, non-peer-reviewed grey literature

	Screening
	Title and abstract screening for topical relevance, followed by full-text assessment; duplicates removed via digital object identifier matching


Sources: Search strategy informed by methodological guidance in Baethge et al. (2019).
3. Data Infrastructure and Governance
3.1 Fragmentation and interoperability
Public health data infrastructure in most jurisdictions remains fragmented across electronic health record systems, insurance claims databases, vital statistics registries, and disease-specific surveillance platforms that frequently use incompatible data standards and terminologies. A scoping review of data modernisation efforts within the United States public health system identified persistent gaps in interoperability, data quality, and resourcing, particularly among underfunded local health departments, despite federal investment through initiatives such as the Public Health Data Strategy. Primary data sources for public health analytics, including electronic health records, insurance claims, and disease surveillance registries, were found to vary substantially in completeness and timeliness, undermining the comparability of analytic outputs across jurisdictions and complicating the construction of national or regional policy evidence bases. This problem is not confined to chronic care reporting; surveillance of noncommunicable diseases similarly depends on linking disparate data streams, and the opportunities afforded by big data in this domain are correspondingly constrained by the same underlying fragmentation (Li et al., 2022).
The structural origins of this fragmentation are partly historical. Health information systems were built incrementally, by different vendors, for different purposes, often predating modern interoperability standards. Mapping studies of electronic health record privacy and security similarly find that systems designed primarily for clinical documentation were not architected with secondary analytic use, let alone population-level policy analysis, as a design goal, creating persistent friction whenever data must be linked or aggregated across systems for surveillance or evaluation purposes. Cross-sectoral data linkage, which is frequently necessary to connect health outcomes to social determinants relevant for policy, such as housing, education, or environmental exposure, introduces an additional layer of governance complexity, as case studies from Scotland demonstrate. Researchers attempting to link data across health, social care, and other public sector domains reported that technical barriers were compounded by divergent legal bases for data use, inconsistent consent frameworks, and a lack of established institutional relationships between the holding agencies, each of which slowed projects intended to inform healthy public policy (Cimova et al., 2022).
3.2 Privacy, consent, and governance frameworks
Robust data governance is frequently identified as a precondition for trustworthy analytics, yet governance frameworks adequate to secondary, policy-relevant use of health data are unevenly developed. Work establishing an ethics and governance framework for a regional health data platform in Australia illustrates the scale of the task: developing streamlined but legally defensible mechanisms for data access, secure linkage, and incorporation of varied data types required sustained institutional investment well beyond the analytic work itself (Parker et al., 2022). In African contexts, data governance debates intersect with broader questions of genomic sovereignty, consent architecture, and the equitable distribution of research benefits, with editorial commentary calling for governance models that reflect the continent's specific legal, ethical, and social context rather than imported frameworks designed elsewhere (Thaldar, 2024). These governance challenges are not incidental obstacles to be solved once and then forgotten; they recur continually as new data sources, partners, and analytic applications are introduced, meaning that governance capacity itself becomes a determinant of how quickly an agency can convert new analytic opportunities into policy-relevant evidence.
3.3 Lessons from the COVID-19 experience
The COVID-19 pandemic offers a natural experiment in rapid, high-stakes data-to-policy translation, and the resulting literature is informative precisely because it documents both acceleration and continued failure. An analysis of syndromic surveillance data sharing in the United States found that the pandemic intensified pre-existing structural problems in a decentralised public health system, with state, local, and federal partners facing persistent legal, technical, and trust-related obstacles to timely data exchange even as the urgency of the crisis increased pressure to share (Rigby et al., 2024). A qualitative study of lessons learnt across several countries reached a comparable conclusion from a different angle, finding that strengthening public health systems for future crises depended as much on relationships between institutions as on any single technical fix (Cardwell et al., 2023). A scoping review of lessons learned from the pandemic across World Health Organization regions catalogued 78 distinct lessons cited collectively more than 900 times across the included literature, with the extensive application of digital technologies and electronic health records identified as one of five major cross-cutting themes, alongside the continuing need for coordination between institutions (Marcassoli et al., 2023). An editorial reflecting on Portugal's pandemic data experience characterised the relationship between public health data and political decision-making as a Sisyphean task, in which data infrastructure built rapidly under emergency conditions risked being dismantled once the acute crisis passed, rather than consolidated into durable analytic capacity for future use (Farinha et al., 2022). Taken together, this body of evidence suggests that emergencies can compress the timeline for building data infrastructure but do not, by themselves, resolve the underlying governance and interoperability problems that re-emerge once the immediate political pressure subsides.
Table 2 summarises the principal data infrastructure and governance barriers identified across this literature, illustrating how technical fragmentation, legal complexity, governance capacity, and crisis fragility reinforce one another rather than operating as isolated obstacles.
Table 2. Principal data infrastructure and governance barriers identified in the literature
	Barrier category
	Manifestation
	Illustrative evidence

	System fragmentation
	Incompatible standards across electronic health records, claims, and registries
	Persistent interoperability and data quality gaps in national modernisation efforts

	Legal and consent complexity
	Divergent legal bases for cross-sectoral data linkage
	Friction in Scottish data linkage case studies despite policy relevance

	Governance capacity
	Slow development of access and linkage frameworks
	Multi-year effort required to establish regional ethics and governance frameworks

	Sovereignty and equity in governance
	Imported governance models poorly suited to local context
	Calls for African-specific data governance solutions

	Crisis-driven fragility
	Infrastructure built rapidly in emergencies not consolidated afterward
	COVID-19 syndromic surveillance and pandemic data experiences


Sources: Cardwell et al. (2023); Cimova et al. (2022); Farinha et al. (2022); Marcassoli et al. (2023); Parker et al. (2022); Rigby et al. (2024); Thaldar (2024).
4. Workforce Capacity and Institutional Structures
4.1 The data and informatics skills gap
Analytic infrastructure is of limited value without a workforce capable of operating it and a management structure capable of acting on its output. Survey evidence from the United States governmental public health workforce, drawn from the 2024 Public Health Workforce Interests and Needs Survey, documented substantial discordance between the importance assigned to data and informatics skills and the self-reported competence of public health employees across state and local health agencies, with the gap particularly pronounced among non-supervisory staff in central state offices (Rajamani et al., 2026). This is not a uniquely American phenomenon. Workforce development analyses from Eastern Europe and Central Asia similarly identify the absence of a sufficiently skilled public health data science workforce as a binding constraint on translating pandemic-era investments in digital infrastructure into durable analytic capacity, arguing that sustainable progress requires both short-term, problem-based training and longer-term human capital strategies embedded within national digital health policy (Gotsadze et al., 2026).
The skills gap is not confined to technical proficiency in statistical or computational methods. It extends to the capacity to translate analytic findings into language and formats usable by non-technical decision-makers, a competency that sits at the interface between data science and communication. Workforce surveys consistently find that resource constraints compound the skills gap, with smaller and more rural health departments reporting the greatest difficulty accessing both training and the staff time needed to participate in it.
4.2 Institutional structures connecting analysts to decision-makers
Even where individual analytic competence exists, institutional structures determine whether that competence is connected to decision-making authority. Evidence-informed decision-making frameworks, reviewed comprehensively in a recent scoping synthesis covering fifteen distinct frameworks used in public health and infectious disease policy, reveal substantial heterogeneity in how formally analytic evidence is incorporated into governmental decision processes, with generic frameworks applicable across topics coexisting alongside narrowly scoped tools developed for specific domains such as immunisation policy (Song et al., 2025). The existence of multiple, only partially harmonised frameworks suggests that institutional mechanisms for evidence use remain an active area of methodological development rather than a settled practice, and that health agencies frequently must select or adapt frameworks without strong comparative evidence about which arrangements most reliably translate analytic findings into policy outcomes.
4.3 Translational research within institutional settings
A systematic review examining barriers, enablers, and strategies for embedding translational research within public hospital systems, focused on nursing and allied health professions, found considerable interrelation between organisational culture, individual practitioner capacity, and the presence of dedicated translational infrastructure, concluding that organisational leadership and policymakers needed to treat research translation as a deliberate institutional priority rather than an incidental outcome of individual initiative (Smith & Johnson, 2023). This finding generalises reasonably well to the broader question of data analytics translation: where institutions formally designate roles, budget lines, or reporting structures for connecting analytic units to policy units, translation appears more consistent, whereas where such connection depends on informal relationships between individuals, it proves fragile to staff turnover and competing priorities.
Table 3 brings together these workforce and institutional determinants, showing that technical skill gaps and structural design choices act on translation through distinct but mutually reinforcing pathways.
Table 3. Workforce and institutional determinants of translational capacity
	Determinant
	Effect on translation
	Supporting evidence

	Technical data and informatics skills
	Limits production and interpretation of analytic outputs
	Skills gaps documented across US state and local public health workforce

	Resource constraints in smaller agencies
	Compounds skills gap, restricts training uptake
	Disproportionate burden reported among under-resourced local health departments

	Formalised evidence-to-decision frameworks
	Provides structured pathway from analysis to policy choice
	Heterogeneous but expanding adoption of evidence-informed decision frameworks

	Institutionalised translational roles
	Sustains translation independent of individual relationships
	Stronger translational outcomes where organisational structures are formalised

	Long-term human capital strategy
	Builds durable capacity beyond emergency-driven investment
	Calls for sustained data science capacity building in transitional health systems


Sources: Gotsadze et al. (2026); Rajamani et al. (2026); Smith & Johnson (2023); Song et al. (2025).
5. Knowledge Translation and the Evidence-to-Policy Interface
5.1 Conceptual foundations
Knowledge translation describes the deliberate processes by which research evidence, including evidence derived from data analytics, is synthesised, disseminated, exchanged, and applied to improve outcomes through policy and practice. National strategies for knowledge translation vary considerably in their formality and institutional embedding; a scoping review of grey literature on national knowledge translation strategies found that while the underlying objective of bridging the evidence-policy gap is widely shared, the specific mechanisms employed, including evidence briefs, policy dialogues, and knowledge-broker positions, differ substantially across jurisdictions and are rarely evaluated rigorously for their comparative effectiveness (Babarczy et al., 2024). This heterogeneity matters for data analytics specifically because analytic products, unlike traditional research findings, often require continuous updating, real-time interpretation, and translation into operationally actionable thresholds, placing additional demands on knowledge translation infrastructure that was originally designed around discrete, finished research studies rather than live data streams.
5.2 The analyst-policymaker relationship
A recurring theme across the literature is that data analysts and policymakers frequently operate with different time horizons, risk tolerances, and standards of evidentiary sufficiency. Policymakers must act under political and resource constraints that rarely permit waiting for analytically ideal evidence, while analysts are trained to qualify findings with appropriate statistical caveats that can be misread by non-technical audiences as a lack of confidence rather than appropriate scientific rigour. This mismatch is compounded where analytic units sit organisationally distant from policy units, with limited routine interaction outside of crisis periods. The evidence-informed decision-making frameworks reviewed by Song and colleagues attempt to formalise this interface, but their proliferation without strong comparative evaluation suggests the field has not yet converged on an optimal institutional design (Song et al., 2025).
5.3 Building trust through engagement
Trust between data producers and policy users appears repeatedly as a precondition for translation, distinct from the technical quality of the analysis itself. Workforce capacity-building programmes that embed analysts within applied policy projects, rather than training them in isolation, appear to generate stronger downstream translation, consistent with broader implementation science findings that co-production of knowledge between researchers and decision-makers improves uptake relative to one-directional dissemination models. This suggests that closing the translational gap is not solely a matter of improving the technical sophistication of analytic outputs, but of restructuring the relationships and routines through which those outputs reach decision-makers.
6. Artificial Intelligence, Algorithmic Bias, and Equity
6.1 The promise and the risk
Artificial intelligence and machine learning have been positioned as transformative tools for public health, with applications spanning outbreak forecasting, resource allocation, and risk stratification, and with some commentators arguing that these tools carry genuine potential to democratise diagnostic and predictive capability across health systems of varying resource levels (Deo, 2024; Wang et al., 2025). Random forest and related ensemble methods, for instance, have demonstrated strong predictive performance in community-based health management contexts, outperforming single decision-tree approaches in handling large, heterogeneous health datasets (Wang et al., 2025). Yet the same characteristics that make these tools powerful, their capacity to learn complex patterns from historical data, also make them vulnerable to reproducing and amplifying the structural inequities embedded within that historical data, and realising the equity-enhancing potential described above is by no means guaranteed without deliberate design choices (Deo, 2024).
6.2 Sources and consequences of algorithmic bias
Algorithmic bias in public health artificial intelligence has been characterised as a silent threat to equity, particularly in low-resource settings where training data may underrepresent the populations subsequently served by deployed models (Joseph, 2025). Representation bias, arising when historically marginalised groups are underrepresented in training datasets, interacts with pre-existing structural inequities, such as discriminatory access to care, to produce models that perform less reliably for the populations most in need of accurate public health intervention (Joseph, 2025). This is not a hypothetical concern; documented cases of underdiagnosis bias in algorithms applied to medical imaging among underserved populations illustrate the mechanism by which biased training data translates into biased clinical and, by extension, policy-relevant outputs.
Health equity and ethical considerations therefore cannot be treated as a downstream add-on to artificial intelligence deployment in public health but must be integrated across the development lifecycle, from data collection through deployment and monitoring (Dankwa-Mullan, 2024). Frameworks proposing the integration of health equity and racial justice considerations directly into the artificial intelligence development lifecycle reflect a growing consensus that technical performance metrics alone are insufficient evaluation criteria for tools intended to inform population-level policy decisions (Dankwa-Mullan, 2024). Artificial intelligence is simultaneously framed as a tool with the potential to accelerate health disparities research itself, by enabling analysis of patterns across race, ethnicity, gender, and socioeconomic status at a scale not previously feasible, provided that bias mitigation is built into the analytic pipeline from the outset (Green et al., 2024).
6.3 Regulatory and ethical governance
The regulatory environment for artificial intelligence in healthcare and public health remains in active development across jurisdictions. Ethical and regulatory analysis of artificial intelligence technologies in healthcare identifies persistent legal voids, particularly regarding accountability for algorithmic decisions that influence resource allocation or risk classification at a population level, alongside calls for international cooperation to harmonise oversight standards (Mennella et al., 2024). The absence of settled regulatory frameworks creates uncertainty for public health agencies considering whether and how to incorporate machine learning outputs into formal policy processes, since the legal and political consequences of relying on an algorithmically derived recommendation that later proves biased or erroneous remain only partially defined. This uncertainty itself functions as a translational barrier, as risk-averse policymakers may decline to act on analytically sound but procedurally untested artificial intelligence outputs in the absence of clear governance cover.
Table 4 sets out the principal equity and governance considerations raised in this literature, together with the mitigating approaches that have been proposed in response.
Table 4. Equity and governance considerations in artificial intelligence-enabled public health analytics
	Consideration
	Risk if unaddressed
	Mitigating approach identified in literature

	Representation bias in training data
	Reduced model accuracy for underrepresented populations
	Inclusive data practices, community engagement in model design

	Lifecycle integration of equity
	Equity treated as afterthought rather than design principle
	Frameworks embedding equity assessment across development lifecycle

	Accountability gaps
	Unclear responsibility for biased or erroneous algorithmic outputs
	Calls for harmonised international regulatory standards

	Policymaker risk aversion
	Reluctance to act on untested AI-derived recommendations
	Transparent algorithm design and documented validation


Sources: Dankwa-Mullan (2024); Deo (2024); Green et al. (2024); Joseph (2025); Mennella et al. (2024).
7. Communicating Analytics to Policymakers: Dashboards and Visualisation
7.1 The role of visual communication
Even technically sound and equitably designed analytic outputs fail to inform policy if they are not communicated in a form decision-makers can interpret rapidly under time pressure. Dashboards have become a primary mechanism for this communication, particularly since the COVID-19 pandemic demonstrated both their value and their limitations as tools for public risk and crisis communication (Schulze et al., 2023). A systematic review of digital dashboards visualising public health data, encompassing sixty-five included studies, found considerable variation in the data sources, functions, and visualisation choices employed across dashboards, alongside comparatively limited rigorous user-centred evaluation of whether these design choices actually improved comprehension or decision quality among their intended audiences (Schulze et al., 2023).
7.2 Matching visualisation to communication goal
A central methodological insight from the dashboard literature is that the optimal visualisation depends on the specific communication objective, whether that objective is promoting recall of key facts, shaping perceptions of risk, or directly influencing behaviour, and that a single dashboard design rarely serves all three objectives equally well. This has direct implications for policy translation, since policymakers, public health practitioners, and the general public represent distinct audiences with different baseline numeracy, time constraints, and decision authority, yet are frequently served by the same dashboard interface designed without explicit differentiation between these audiences.
7.3 Persistent visual communication challenges
Despite substantial public investment in health data accessibility, visual communication challenges including inadequate visual design, variable health and data literacy among intended audiences, and the compounding effects of misinformation continue to create gaps between the existence of analytic findings and their effective uptake, with these challenges most acute during public health emergencies when both the stakes and the volume of information are highest. The historical lineage of this challenge extends back to early epidemiological cartography, but contemporary dashboards introduce additional complexity through interactivity, real-time data refresh, and the layering of multiple data sources, each of which can either clarify or obscure the underlying signal depending on design quality.
Table 5 summarises the principal communication factors found to shape whether analytic findings actually reach and influence decision-makers once produced.
Table 5. Communication factors influencing policy uptake of analytic findings
	Factor
	Effect on translation
	Evidence base

	Audience differentiation
	Single-design dashboards may serve no audience optimally
	Communication-goal-specific visualisation guidance

	Visual and data literacy variation
	Limits comprehension among non-technical decision-makers
	Persistent gaps despite substantial infrastructure investment

	Real-time and interactive design
	Can clarify or obscure signal depending on execution
	Variable design quality across reviewed dashboards

	Emergency-period demand surge
	Compounds existing visual communication weaknesses
	Dashboard use and limitations documented during COVID-19


Source: Schulze et al. (2023).
8. Translational Constraints and Opportunities in Low- and Middle-Income Settings
8.1 The digital divide as a translational barrier
The barriers described in preceding sections are present, to varying degrees, in all settings, but they interact distinctively in low- and middle-income countries, where infrastructural, workforce, and financing constraints are typically more severe. A rapid systematic review spanning twenty-five years of digital health interventions aimed at universal health coverage in these settings identified persistent gaps in equitable access and inclusion, recommending targeted strategies such as subsidised device distribution and locally led training to narrow the digital divide and strengthen the foundation for analytic translation into policy (Sylla et al., 2025). A literature review focused specifically on the opportunities and challenges of big data analytics in developing-country healthcare settings reached a similar conclusion, noting that much routinely collected health data in these contexts remains unstructured and underutilised precisely because the surrounding infrastructure and analytic capacity have not kept pace with data generation (Muhunzi et al., 2024). Perspectives drawn from digital health innovation across South and Southeast Asia similarly emphasise that durable progress depends on locally grounded partnerships and an evidence-based approach to scaling national digital health infrastructure, rather than the wholesale transplantation of digital health models developed in higher-income contexts (Yi et al., 2024).
8.2 Workforce constraints in resource-limited settings
Health workforce adoption of digital health technology in low- and middle-income countries has been the subject of systematic review and meta-analysis, with findings indicating that adoption rates and the factors influencing them vary considerably depending on infrastructure readiness, training availability, and organisational support, with implications for how reliably analytic tools introduced into these settings can be expected to inform routine policy and programme decisions (Wang et al., 2025). Complementary scoping review evidence on the digitalisation of human resources for health information systems similarly underscores that workforce-related bottlenecks, including insufficient numbers of trained informatics personnel and limited career pathways for health data professionals, constrain the translation of digital health investment into improved information system performance (Nagai et al., 2025).
8.3 Building sustainable capacity
Editorial commentary addressing the implementation of digital health in public health settings within low- and middle-income countries identifies a recurring tension between externally funded, often time-limited digital health projects and the longer-term institutional capacity needed to sustain and govern them after donor support concludes. Evidence from Eastern Europe and Central Asia reinforces the view that sustainable data science and informatics capacity requires deliberate, long-horizon investment in human capital embedded within national digital health strategy, rather than reliance on short-term project-based training alone (Gotsadze et al., 2026). Geospatial analytic tools, including geographic information systems applied to resource allocation and outbreak response, illustrate both the opportunity and the constraint clearly: such tools can substantially improve the precision of public health targeting in resource-constrained settings, but their value depends entirely on the availability of accurate underlying spatial and health data and on personnel trained to interpret spatial statistical output for policy audiences (Beard et al., 2018; Osei & Sasidharan, 2023; Song et al., 2024; Xu et al., 2024).
Table 6 sets out the principal constraints and emerging opportunities identified across this literature for low- and middle-income settings specifically.
Table 6. Translational constraints and emerging opportunities in low- and middle-income settings
	Domain
	Principal constraint
	Emerging opportunity

	Connectivity and device access
	Substantial proportion of population remains offline
	Subsidised access programmes, locally tailored interventions

	Workforce
	Shortage of trained data and informatics personnel
	Scoping of digitalised human resource information systems to guide investment

	Institutional sustainability
	Donor-dependent, time-limited project funding
	Long-horizon national digital health human capital strategies

	Spatial and geographic analytics
	Limited underlying spatial and health data quality
	Expanding geographic information system applications for resource allocation


Sources: Beard et al. (2018); Gotsadze et al. (2026); Muhunzi et al. (2024); Nagai et al. (2025); Osei & Sasidharan (2023); Song et al. (2024); Sylla et al. (2025); Wang et al. (2025); Xu et al. (2024); Yi et al. (2024).
9. Future Directions
Several priority areas emerge from this synthesis. Interoperability investment should be paired explicitly with governance capacity-building, since technical data linkage achieved without corresponding legal and institutional frameworks tends to stall before reaching policy application. Public health workforce development should treat data communication and policy literacy as core competencies alongside technical analytic skill, recognising that the translational bottleneck is frequently located at the interface between disciplines rather than within either discipline alone. Evidence-informed decision-making frameworks would benefit from comparative evaluation studies that move beyond cataloguing existing frameworks toward establishing which institutional designs most reliably convert analytic evidence into policy action under varying resource and political conditions. Artificial intelligence governance in public health should continue moving toward lifecycle-integrated equity assessment, with particular attention to validation in the specific populations where tools will be deployed rather than reliance on aggregate performance metrics derived from unrepresentative training data. Dashboard and visualisation design should be explicitly tailored to distinct audiences, with policymaker-facing products evaluated for their actual influence on decision quality rather than assessed primarily on technical sophistication or visual polish. Sustained, long-horizon investment in data science and informatics capacity in low- and middle-income countries should be prioritised over short-term, donor-driven projects, with attention to embedding this capacity within national digital health strategy rather than isolated programmatic initiatives. Finally, future research would benefit from longitudinal case studies tracing specific analytic products from generation through to documented policy outcome, since much of the existing literature characterises barriers and frameworks in the abstract without empirically tracing whether and how particular analytic findings ultimately influenced a specific, identifiable policy decision.
10. Conclusions
The gap between data analytics and public health policy is not primarily a technical deficiency in analytic method but a structural and institutional one. Fragmented data infrastructure, uneven governance capacity, persistent workforce skills gaps, underdeveloped knowledge translation mechanisms, legitimate concerns about algorithmic bias, and communication practices not consistently designed for policy audiences each contribute independently to the gap and compound one another when present together. The COVID-19 pandemic demonstrated that this gap can narrow rapidly under sufficient political pressure and resourcing, but also that progress achieved under emergency conditions does not automatically translate into durable capacity once acute pressure subsides. Low- and middle-income settings face the same categories of barrier in more acute form, compounded by infrastructural and financing constraints, though emerging evidence on locally grounded digital health partnerships and sustained workforce investment offers a credible path forward. Closing the translational gap will require simultaneous, coordinated investment across data infrastructure, workforce capacity, institutional knowledge translation structures, equitable artificial intelligence governance, and policymaker-oriented communication design, rather than continued emphasis on analytic sophistication in isolation from the people, institutions, and relationships through which analytic findings must travel to become policy.
11. Limitations
This review has several limitations. As a narrative rather than systematic review, the selection of literature, while guided by a defined search strategy, retained an element of purposive judgement regarding which studies best illustrated each conceptual theme, introducing the possibility of selection bias not fully mitigated by the search protocol described in Section 2. The review draws predominantly on literature published in English, which likely underrepresents experiences and innovations documented in other languages, particularly relevant given the review's attention to low- and middle-income settings where English-language publication may not reflect the full scope of local practice. The rapidly evolving nature of artificial intelligence regulation and digital health policy means that some specific regulatory and institutional details discussed in this review may have changed by the time of publication, even though the underlying structural barriers identified are likely to remain relevant over a longer horizon. Finally, the review synthesises evidence describing barriers and frameworks largely in qualitative or descriptive terms, reflecting the state of the underlying literature, and was unable to draw on a substantial body of quantitative, comparative evaluation evidence establishing which specific institutional interventions most effectively narrow the translational gap, since such evidence remains sparse across the literature reviewed.
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