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Background: Predictive analytics is increasingly applied to routine and population health data, but its translation
into operational health-system decisions remains uncertain. We examined implementation maturity, data inte-
gration, governance, workflow integration, uncertainty and documented decision pathways.

Methods: We conducted a global scoping review of peer-reviewed studies published from 2014 to 2025 across five
databases. Eligible studies applied predictive or forecasting methods to routine healthcare or population-level
data for health-system decision-making. Findings were synthesised descriptively and narratively and reported
in accordance with PRISMA-ScR. An additional assessment of Overton, WHO IRIS and PAHO IRIS examined
implementation evidence in grey literature.

Results: Of 2,623 screened records, 161 articles were included; 128 (79.5%) were from high-income settings. The
highest documented stage was development in 139 articles (86.3%), validation in 10 (6.2%), pilot imple-
mentation in 3 (1.9%) and operational deployment in 9 (5.6%). Although 118 articles (73.3%) were positioned
as relevant to resource allocation or capacity planning, only 9 (5.6%) documented an output-to-decision pathway
and 14 (8.7%) reported routine workflow integration, revealing a marked claim-to-action reporting gap between
stated relevance and documented action. Implementation barriers most often concerned data quality and
interoperability (112; 69.6%) and validation and transportability (104; 64.6%). Only 24 articles (14.9%)
described how uncertainty informed decisions. Supplementary grey literature identified three additional
implementations, two operational and one pilot, supporting stroke-service planning, neighbourhood risk tar-
geting and claims anomaly investigation.

Conclusions: Peer-reviewed evidence remains dominated by model development, while integration into decision
pathways and routine workflows is infrequently documented. The three supplementary implementations from
grey literature illustrate a practical role for predictive informatics in identifying system-level risks and directing
planning, prevention or investigation. Advancing predictive analytics to operational decision support requires
evaluation of the complete decision-integration chain, comprising decision actors, predictive outputs and asso-
ciated uncertainty, delivery mechanisms, decision rules, actions, governance, workflow integration and lifecycle
monitoring.

1. Introduction

Health systems increasingly rely on integrated data to support
planning, service delivery, and accountability, particularly to monitor
progress towards the Sustainable Development Goals (SDGs). These
systems provide a foundation for evidence-informed decision-making,
particularly in resource-constrained settings [1,2]. Such data can inform

forecasting of service demand, identification of high-burden districts,
targeting of outreach activities, and planning of workforce and com-
modity needs. Global policy agendas emphasise the use of data to guide
health investment and service delivery [3].

Predictive modelling and machine learning have expanded rapidly in
health research, alongside increasing computational capacity and
greater availability of health data. In high-income settings, these
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approaches are used for infectious disease forecasting, population risk
stratification, hospital capacity planning, and resource optimisation
[4-6]. However, these applications often depend on digital in-
frastructures and interoperable data systems that remain limited in
many low- and middle-income countries [7]. As a result, studies from
these settings are often research-driven modelling exercises with limited
evidence of integration into routine health-system workflows.

Evidence from low- and middle-income settings shows that predic-
tive approaches can be applied to vaccination coverage, service uti-
lisation, and health-seeking behaviour [8-10]. Yet, routine health
information is not consistently used to guide planning and management
decisions in many health systems [11]. Previous literature highlights
challenges in integrating heterogeneous data sources for decision sup-
port, including the burden of harmonisation and missing data [8,12,13].

Existing reviews have described growing interest in artificial intel-
ligence, predictive analytics, interoperability and clinical data in-
frastructures, while also identifying persistent challenges related to
infrastructure, governance and integration [14-20]. However, they have
given less attention to whether predictive outputs are embedded in de-
cision pathways, governed by accountable arrangements, integrated
into workflows, or communicated with usable uncertainty. These fea-
tures are central to medical informatics because the operational value of
predictive models depends on their embedding within sociotechnical
systems that connect data infrastructure, intended users, organisational
workflows, governance arrangements, implementation processes and
accountable decision-making [21-24].

This scoping review therefore examines how predictive modelling,
machine learning, and statistical forecasting have been applied to
routine healthcare and population health data to support health-system
decision-making. Specifically, we map data sources, integration ap-
proaches, modelling families, predicted outcomes, decision levels,
implementation maturity, governance reporting, uncertainty commu-
nication and actionability. By shifting the focus from model perfor-
mance alone to the conditions required for operational use, the review
identifies where current predictive analytics research aligns with, and
falls short of, medical informatics priorities for real-world
implementation.

2. Methods
2.1. Study design and framework

This study was conducted as a scoping review following the frame-
work of Arksey and O’Malley [25] with later refinements by Levac and
colleagues [26], aligned with Joanna Briggs Institute guidance [27]. The
review was reported in accordance with the PRISMA-ScR guidelines
[28] (Supplementary Appendix A).

The review was guided by the question: How have predictive model-
ling, machine learning and statistical forecasting methods using routine or
population health data been developed, integrated, governed and oper-
ationalised for health-system decision support? We treated predictive an-
alytics as an informatics intervention rather than merely a modelling
exercise, meaning that coding focused not only on analytical methods
but also on data integration, workflow integration, governance,
communication of uncertainty, and links to decision-making.

2.2. Search strategy and selection criteria

A structured search strategy identified empirical studies using pre-
dictive modelling, machine learning or statistical forecasting with
routine or population health data for population-level or health-system
decision support. XX and YY developed the strategy with input from a
librarian and co-author ZZ.

We searched Scopus, Web of Science, PubMed, IEEE Xplore and the
ACM Digital Library. The prespecified primary review was restricted to
peer-reviewed journal articles to characterise the indexed peer-reviewed
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evidence base. An additional grey-literature assessment was undertaken
to examine implementation-stage evidence reported outside journals.
The five bibliographic database searches were updated on 22 December
2025. Publication filters covered 1 January 2014 to 31 December 2025,
with the searchable evidence window ending on the final search date.
The 2014 start date was a pragmatic boundary chosen to capture a
contemporary 12-year period during which routinely collected digital
health data and applied predictive analytics expanded substantially,
while retaining sufficient scope for detailed coding of implementation,
governance and decision integration. It was not tied to a single tech-
nological breakthrough or policy change. Search terms combined con-
cepts relating to predictive analytics (e.g., ‘predictive model’, ‘forecast’,
‘machine learning’), routine and population health data (e.g., ‘health
information systems’, ‘administrative data’, surveillance, HDSS), and
integration mechanisms (e.g., ‘data linkage’, ‘interoperability’, ‘data
harmonisation’). Full strategies are provided in Supplementary
Appendix B. Search strategy development followed published method-
ological guidance from Khalil and Tricco [29], and Pollock and col-
leagues [30].

Studies were eligible if they were peer-reviewed journal articles
published between 1 January 2014 and 22 December 2025, with full text
available in English. Eligible studies analysed routine healthcare or
population-level data and applied predictive modelling, machine-
learning methods or statistical forecasting. Eligibility was determined
by the intended decision actor and action rather than by the unit of
prediction. Studies producing individual-level predictions were
included only when the article identified, explicitly or through a clearly
described application, an organisational or public-health actor and a
system-level action such as service planning, population stratification,
surveillance response, resource allocation or policy planning. Studies
were excluded when predictions were intended solely to guide diag-
nosis, prognosis, triage, treatment selection or bedside management of
the predicted individual. Studies using a single routine dataset remained
eligible when this system-level decision link was present. We also
excluded studies lacking a predictive or forecasting component, as well
as reviews, protocols, editorials, commentaries, conference abstracts,
theses and methodological papers without applied predictive analysis.
Search outputs were exported to EndNote 2025 [31] for de-duplication
and screening in Rayyan.

To examine whether implementation-stage evidence was underrep-
resented in the peer-reviewed evidence base, we conducted an addi-
tional grey-literature assessment (Supplementary Appendix D). Overton
was searched in full text on 27 July 2026 for English-language docu-
ments published between 1 January 2014 and 30 November 2025. WHO
IRIS and PAHO IRIS were assessed on 5 August 2026 using fixed targeted
searches; PAHO IRIS was searched in English, Spanish and Portuguese.
Searches combined terms for predictive methods, routine or population
health data, implementation and system-level decision support, and the
same substantive eligibility criteria were applied throughout. Supple-
mentary findings were analysed separately from the prespecified peer-
reviewed evidence base. Full search strategies, record-level screening
decisions and exclusion reasons are provided in Supplementary
Appendix D. XX verified screening decisions, and YY and ZZ indepen-
dently reviewed the three included reports and agreed on their eligi-
bility and implementation-stage classifications.

2.3. Study selection

Selection of the peer-reviewed evidence was conducted in two
stages. Titles and abstracts were screened independently by two re-
viewers (XX and YY). Where screening decisions differed, disagreements
were resolved through discussion, with a third reviewer (ZZ) providing a
final decision when agreement could not be reached. Before screening,
30 studies were piloted to ensure consistent interpretation of eligibility
criteria. Full-text screening was undertaken for all potentially eligible
studies, using the same approach to resolve disagreements. Reasons for
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full-text exclusion are summarised in Fig. 1.
2.4. Data charting process

A structured data charting tool was created in Microsoft Excel by one
reviewer (XX) and refined iteratively. Ten studies were piloted to refine
extraction fields and coding rules. One reviewer (XX) extracted data
from all included studies, and a second reviewer (YY) checked each
record for completeness and consistency. Disagreements were resolved
through discussion with a third reviewer (ZZ).

3. Data items

The extraction captured bibliographic details, population and
setting, data sources, integration methods, modelling approaches, pre-
dicted outcomes and stated decision-support purpose. Additional fields
captured implementation maturity, governance, interoperability, link-
age quality, uncertainty, actionability and workflow integration.
Implementation maturity was assigned to the highest documented stage:
development only, defined as model construction or analytical evalua-
tion without qualifying independent validation or live use; validation,
defined as temporal, prospective, external or otherwise independent
performance assessment without live decision use; pilot implementa-
tion, defined as limited or time-bounded real-world use; or operational
deployment, defined as recurring use within a live workflow, official
programme or organisational decision process.

Author-stated intended application was coded separately from a
documented decision pathway. Intended application described the use
claimed by the authors. In contrast, a documented pathway required an
identifiable predictive output, decision actor, specific action and route
by which the output reached or informed that action.

For this review, we use the term “claim-to-action reporting gap” to
describe the discrepancy between author-stated decision relevance and
documented evidence that a predictive output reached an identifiable
decision actor and informed a specific action through a described de-
livery route. The term refers to a gap in documented decision integration
and should not be interpreted as evidence that decision use was absent in
practice.

Pathways were classified as explicit when all four elements were
reported and implied when the actor and action were identifiable but
one linkage step was incomplete. Workflow integration required evi-
dence that outputs were delivered through a routine tool or process; a
statement that a model could support planning was insufficient. Unit of
prediction, analytical context and level of decision supported were
coded as separate variables. Prediction horizon was assigned using the
longest explicitly reported forward horizon: same-day or real-time;
short-term, defined as more than same-day but less than 12 months;
seasonal; annual or longer, defined as 12 months or more; or not stated
or not applicable. Linkage-quality reporting was assessed only where
record-level, spatial or contextual linkage was applicable; general
model-performance measures were not counted as linkage-quality
metrics unless they explicitly evaluated the linkage process. For
reporting-sensitive domains, we distinguished documented present,
explicitly absent and not reported. When evidence did not satisfy a
higher category, the lower category was assigned. Thus, an article
describing a model as “for service planning” without identifying an
actor, action or delivery route was coded as an intended application, but
not as a documented decision pathway or workflow integration. Full
definitions, decision rules and worked examples are provided in
Supplementary Appendix C.

We conducted a focused extraction of barriers and enablers to
implementation. Only factors explicitly reported by study authors were
coded. Codes were consolidated into seven domains: data quality and
interoperability; validation and transportability; workflow and usabil-
ity; governance, accountability and regulation; workforce and stake-
holder capacity; financing, procurement and organisational readiness;

International Journal of Medical Informatics 222 (2026) 106678

and monitoring, maintenance and model updating. Articles could
contribute to multiple domains; domain totals could therefore exceed
161. Failure to report a barrier or enabler was coded as not reported.

3.1. Synthesis of results

Evidence was synthesised using descriptive and interpretive ap-
proaches. Studies were grouped by the review’s core analytical di-
mensions, including decision-support level (for example, facility,
district, and national), data sources and integration patterns, modelling
family and validation strategy, and indicators of implementation
maturity. We also synthesised reporting on governance and interoper-
ability considerations, linkage quality, uncertainty, and actionability,
because these factors determine whether predictive outputs can be
operationalised in routine decision-making.

R version 4.5.2 [32] and Python version 3.13.3 [33] were used to
generate counts and percentages describing the distribution of included
studies across these dimensions. Comparative summaries were produced
using 2025 World Bank income classifications [34]. Findings were
stratified by decision-support level and by country income group to
examine whether implementation maturity, governance reporting, and
uncertainty communication differed across settings. All figures and ta-
bles were generated directly from the extracted dataset to ensure
reproducibility.

We then applied narrative synthesis to interpret and contextualise
the quantitative patterns. Interpretation focused on how datasets were
integrated, how predictive outputs were positioned within workflows
and which barriers and enablers to implementation were explicitly re-
ported. Barrier and enabler domains were summarised by implementa-
tion stage and synthesised narratively. This synthesis was guided by the
review’s conceptual framing of predictive analytics as an end-to-end
decision-support system rather than a standalone modelling exercise.
Consistent with scoping review methodology, the review mapped
existing literature rather than evaluating effectiveness. Therefore, a
formal critical appraisal or risk-of-bias assessment of included studies
was not undertaken.

3.2. Protocol

A protocol was developed before study initiation but was not pro-
spectively registered or publicly posted. It is available from the corre-
sponding author on reasonable request. The review was conducted and
reported in accordance with the PRISMA-ScR reporting guideline [28].

3.3. Ethics considerations

This review analysed publicly available, peer-reviewed literature
and did not involve primary data collection from human participants;
therefore, ethical approval was not required. The review followed
established best practices in research reporting and transparency.

3.4. Patient and public involvement

Patients and members of the public were not involved in the design,
conduct or reporting of this scoping review.

4. Results
4.1. Study selection

Database searching identified 2,894 records across five sources. After
removing 271 duplicates, 2,623 records were screened, and 2,209 were
excluded. Full texts were sought for 414 reports, of which 16 could not
be retrieved. Of 398 full-text reports assessed, 237 were excluded,
leaving 161 studies for inclusion (Fig. 1). A full list of included studies
with citation details is provided in Supplementary Table 1 to support
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Identification of new studies via databases and registers

Records identified from:
Databases (n = 5):
Scopus (n = 535)

Web of Science (n = 628)
PubMed (n = 1,516)
IEEE Xplore (n =92)
ACM Digital Library (n = 123)

Records removed before screening:
Duplicate records (n = 271)

Records marked as ineligible by automation

tools (n = 0)

Records screened
(n=2623)

Records excluded
(n=2,209)

:

Reports sought for retrieval

Reports not retrieved

(n=414) (n= 16)
Reports excluded:
Not primary empirical research (n = 189)
Individual-level clinical decision
supportonly (n=31)
No predictive or forecasting
Y component (n = 5)
Reports assessed for eligibility No system-level decision support
(n = 398) purpose (n =2)
No applied predictive modelling (n = 1)
Non-routine healthcare or
population-level data for system
decision support (n=1)
Conceptual or contemporary paper
without applied modelling (n = 8)
A 4
New studies included in review
(n=161)
Reports of new included studies
(n=161)

Fig. 1. PRISMA-ScR flow diagram of study selection.
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transparency and reproducibility.

4.2. Temporal and geographic distribution of studies

Three features defined the evidence base: rapid growth after 2020,
marked concentration in high-income settings and dominance of studies
from the United States. Publication volume increased over time (Table 1;
Supplementary Fig. 1). Only 16 (9.9%) studies were published between
2014 and 2017, and 32 (19.9%) between 2018 and 2020. Output
increased from 2021 onwards, with 45 (28.0%) studies published be-
tween 2021 and 2023 and the highest output observed in 2024-2025
(68; 42.2%). Overall, 113 (70.2%) studies were published from 2021
onwards, indicating rapid growth in recent years.

Studies were conducted across all WHO regions but were unevenly
distributed geographically (Table 1). Most studies were undertaken in
the Americas (82; 50.9%), followed by the European Region (30; 18.6%)
and the Western Pacific Region (28; 17.4%). Fewer studies were con-
ducted in the Eastern Mediterranean Region (10; 6.2%), while the Af-
rican Region (3; 1.9%) and the South-East Asia Region (2; 1.2%)
together accounted for less than 4% of included studies. Six (3.7%)
studies were global or multi-country in scope.

At the country level, the United States accounted for nearly half of all
studies (74; 46.0%), followed by China (13; 8.1%) and the United
Kingdom (11; 6.8%), with most other countries contributing fewer than
five studies each (Supplementary Fig. 2). The global distribution of
studies is shown in Supplementary Fig. 3. These figures describe the
geographic distribution of eligible publications and should not be
interpreted as a direct measure of where operational predictive systems
exist.

Table 1
Characteristics of included studies and study contexts (N = 161).

Characteristic Category n (%)

Publication year
2014-2017 16 (9.9)
2018-2020 32 (19.9)
2021-2023 45 (28.0)
2024-2025 68 (42.2)

WHO region '
African Region 3(1.9
Americas 82 (50.9)
Eastern Mediterranean Region 10 (6.2)
European Region 30 (18.6)
South-East Asia Region 2(1.2)
Western Pacific Region 28 (17.4)
Global or multi-country 6 (3.7)

Health domain
Communicable diseases 50 (31.1)
Non-communicable diseases 37 (23.0)
Maternal, neonatal, and child health 3(1.9
Health systems and multidomain 71 (44.1)
analytics

Analytical context of the

study

National 61 (37.9)
Regional or district 12 (7.5)
Facility or service level 36 (22.4)
Facility network * 8(5.0)
Population or community level 44 (27.3)

World Bank income setting
High-income 128

(79.5)

Upper-middle-income 20 (12.4)
Lower-middle-income 5(3.1)
Low-income 1(0.6)
Mixed or multi-country 7 (4.3)

 Studies classified as Global or multi-country or Mixed (multi-country)
spanned more than one country or World Bank income category. Each study was
assigned to a single contextual category based on the highest level of aggregation
reported. * A coordinated group of health facilities that share data or operational
decision processes.
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4.3. Data sources and linkage approaches

The data architecture was mixed rather than uniformly integrated:
routine health-system sources predominated, 40.4% of articles used a
single source, and reporting of how multi-source data were linked was
often incomplete. Electronic health records or clinical systems were the
most common primary source (66; 41.0%), followed by public health
surveillance systems (42; 26.1%) and administrative or claims data (39;
24.2%). Nearly two-fifths of articles used a single dataset (65; 40.4%),
whereas 45 (28.0%) integrated two sources and 51 (31.7%) integrated
three or more sources (Supplementary Table 2).

When stratified by World Bank income group, integration depth did
not show a consistent gradient across settings (Supplementary Fig. 4). In
high-income countries, studies were distributed relatively evenly across
single-source (49/128; 38.3%), two-source (37/128; 28.9%), and three-
or-more-source (42/128; 32.8%) designs. Upper-middle-income settings
showed a similar distribution. Lower-middle-income settings more
frequently relied on single-source analyses (3/5; 60%), although de-
nominators were small. The single low-income study integrated two
data sources. Mixed multi-country studies were predominantly single
source (6/7; 85.7%).

Among studies reporting integration characteristics, record linkage
was the dominant approach (64; 39.8%). Feature-level fusion (3; 1.9%)
and model-level integration (1; 0.6%) were rarely reported. Integration
patterns were frequently under-reported, with 28 (17.4%) studies not
describing the integration approach (Supplementary Table 2).

Linkage was most often performed at the individual level (86;
53.4%), with fewer articles linking at the district or regional level (27;
16.8%). Reporting of linkage identifiers and methods was often
incomplete. Direct identifiers were reported in 21 (13.0%) studies and
pseudonymous or encrypted identifiers in 10 (6.2%), whereas 57
(35.4%) studies did not report the identifiers used. Deterministic linkage
was reported in 43 (26.7%) studies; privacy-preserving record linkage
was uncommon (4; 2.5%); and 52 (32.3%) studies did not report a
linkage method (Supplementary Table 2).

Facility-level decision support was most aligned with single-source
designs and record linkage. In contrast, district and national decision
contexts were frequently associated with surveillance-based and multi-
source architectures (Fig. 2).

4.4. Predictive and machine-learning approaches

The key contrast was not between modelling families, but between
frequent author-stated decision relevance and limited documentation
that outputs were connected to action. Regression-based models were
the most frequently reported modelling family (88; 54.7%), followed by
tree-based ensemble models (54; 33.5%). Neural or deep-learning
models were reported in 32 (19.9%) studies. Time-series models (23;
14.3%) and Bayesian models (22; 13.7%) were reported less frequently.
Mechanistic or hybrid models were uncommon (9; 5.6%).

Authors most often framed their applications as relevant to resource
allocation and capacity planning (118/161, 73.3%) and policy or stra-
tegic planning (99/161, 61.5%), followed by surveillance and early
warning (75/161, 46.6%) and care pathway or clinical operations (33/
161, 20.5%). These values describe stated purposes and do not
demonstrate that outputs were delivered to or used by decision-makers.
The intended decision level was facility management in 86 articles
(53.4%), district or regional planning in 58 (36.0%) and national policy
in 17 (10.6%).

Reporting relevant to model trustworthiness was limited. Interpret-
ability was explicitly reported in 9 (5.6%) studies. External validation
was reported in 35 (21.7%) studies (Table 2).

4.5. Outcomes and health system performance indicators

Individual-level prediction was common, but the unit of prediction
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Fig. 2. Relationships between data sources, integration patterns, and levels of decision support. Sankey diagram showing relationships among primary data sources,
the reported integration approach, and the decision-support level. Each link represents the number of studies reporting a given combination. Categories include both

routine health system data and population-based data sources.

and the level of decision supported were not equivalent. The most
frequently modelled outcome category was individual-level risk or case
status (59; 36.6%), followed by incidence or case counts (40; 24.8%) and
mortality (23; 14.3%) (Supplementary Table 3). Outcomes relating to
hospital admissions or service utilisation were reported in 13 (8.1%)
studies. Coverage, uptake, or retention outcomes were reported in 12
(7.5%) studies. Nine (5.6%) studies reported heterogeneous outcomes
that could not be mapped consistently to predefined outcome families.

Prediction horizons were same-day or real-time in 18 articles
(11.2%), short-term in 63 (39.1%), seasonal in 6 (3.7%) and annual or
longer in 40 (24.8%); 34 articles (21.1%) did not state an extractable
forward horizon or used an analysis for which a forward horizon was not
applicable. Units of prediction were most frequently at the individual
level (80; 49.7%) or district or regional level (63; 39.1%), with fewer
articles modelling at the facility level (7; 4.3%) or national level (11;
6.8%) (Supplementary Table 3).

In contrast to the frequent statements of intended use, only 9/161
articles (5.6%) described an output-to-decision pathway. Three articles
(1.9%) explicitly identified the predictive output, decision actor, action
and linkage mechanism, while six (3.7%) described an identifiable but
incomplete pathway. The remaining 152 articles (94.4%) did not report
how a predictive output reached a specific decision. The 67.7
percentage-point difference between author-stated resource-allocation
relevance (73.3%) and documented output-to-decision pathways (5.6%)
illustrates the claim-to-action reporting gap defined in Section 2.4,
indicating a marked discrepancy between stated decision relevance and
documented decision integration (Supplementary Table 3).

Facility-level decision support most frequently focused on
individual-level risk or case status (n = 34) and mortality (n = 16),
whereas district or regional planning more often modelled incidence or
case counts (n = 24). National policy applications were less common
overall and were most frequently associated with individual-level risk or
case status (n = 9) and mortality (n = 3) (Supplementary Fig. 5).

4.6. Governance, linkage quality, and uncertainty in decision support

Across governance, linkage quality and uncertainty, incomplete
reporting limited assessment of operational trustworthiness. Ethical or
regulatory approval was reported in 51 articles (31.7%), but 106
(65.8%) reported no governance mechanism beyond ethics approval.
Privacy protection was not reported in 95 articles (59.0%), and bias or
fairness assessment was reported in only 6 (3.7%) (Table 3;

Supplementary Table 4). These figures describe article-level reporting
and do not establish that the underlying practices were absent.

Linkage-quality assessment was applicable in 62 articles. Only 3/62
(4.8%) reported a linkage accuracy or completeness metric, while 59/62
(95.2%) did not; general model-performance statistics were not treated
as linkage-quality measures. Missing-data handling was not reported in
100 articles (62.1%). Uncertainty quantification was reported in 90
articles (55.9%), most commonly through confidence or prediction in-
tervals (82; 50.9%), but only 24 (14.9%) described how uncertainty
informed decisions; calibration was reported in 32 (19.9%) (Table 3;
Supplementary Table 5).

4.7. Operational use and implementation characteristics

Operational use remained uncommon in the peer-reviewed evidence
base. The highest documented stage was development in 139/161 ar-
ticles (86.3%); 10 (6.2%) reached validation, 3 (1.9%) pilot imple-
mentation and 9 (5.6%) operational deployment (Table 3;
Supplementary Table 6).

Routine workflow integration was documented in 14 articles (8.7%),
explicitly reported as absent in 37 (23.0%) and not reported in 110
(68.3%). Among the 14 integrated applications, 8 used planning or
decision-support platforms, 3 alerting or triggered workflows, 2 dash-
boards or reporting interfaces and 1 another embedded workflow tool.
Post-deployment monitoring was reported in 6 articles (3.7%) (Table 3;
Supplementary Table 6).

Table 1 describes the analytical context represented in each article,
whereas Fig. 3 groups articles by the organisational level of decision
intended to be supported; their cross-tabulation is provided in
Supplementary Table 8. Development-stage articles predominated
across decision levels and most income settings, although the single low-
income article was classified as operational deployment and lower-
income categories had small denominators (Fig. 3; Supplementary
Fig. 6). Workflow reporting by income setting is shown in
Supplementary Fig. 7. These proportions describe eligible journal arti-
cles and should not be interpreted as estimates of all predictive systems
operating in practice.

4.8. Reported barriers and enablers to implementation

At least one implementation barrier was explicitly reported in 150/
161 articles (93.2%), and at least one enabler in 108 (67.1%). Overall,
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Table 2
Predictive and machine-learning approaches and author-stated intended
decision-support applications.
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Table 3
Key governance, uncertainty, decision-integration and implementation in-
dicators (N = 161).

Modelling characteristic Category n (%) Domain Indicator n (%)
Modelling approach family ' Governance Governance mechanisms not reported 106
Regression-based models 88 (65.8)
(54.7) Privacy Privacy approach not reported 95
Tree-based ensemble models 54 (59.0)
(33.5) Bias/fairness Bias or fairness assessment reported 6 (3.7)
Bayesian models 22 Linkage quality Linkage quality or completeness metric reported ~ 3/62
(13.7) among articles with applicable linkage (4.8)
Time-series models 23 Missing data Missing-data handling not reported 100
(14.3) (62.1)
Neural and deep-learning 32 Uncertainty Uncertainty quantification reported 90
models (19.9) (55.9)
Mechanistic or hybrid 9 (5.6) Decision integration ~ Uncertainty propagated to decisions 24
models (14.9)
Analytical task ' Workflow Documented routine workflow integration 14 (8.7)
Forecasting 47 integration
(29.2) Implementation Development only 139
Risk prediction or 77 maturity (86.3)
stratification (47.8) Operational use Operational deployment 9 (5.6)
Detection or early warning 23 Monitoring Post-deployment monitoring described 6 (3.7)
(14.3) . . . .
Resource optimisation 40 Values describe article-level reporting. “Not reported” does not establish
(24.8) absence. The linkage-quality denominator is 62 articles with applicable linkage;
Author-stated intended decision- all other percentages use N = 161. Implementation stage represents the highest
support application ' documented stage. Workflow integration required evidence that predictive
Surveillance and early 75 outputs were delivered through a routine tool or organisational process.
warning (46.6)
Resource allocation and 118 .
capacity planning (73.3) Fig. 9).
Care pathway or clinical 33
operations (20.5)
Policy and strategic planning 99 4.9. Supplementary grey-literature implementation evidence
(61.5)
Level of decision supported Facilit . 5 Three independent reports met the supplementary eligibility criteria:
acllity managemen
y & (53.4) two from Overton and one from WHO IRIS; no PAHO IRIS report met the
District or regional planning 58 criteria (Supplementary Fig. 8; Supplementary Table 7). In Virginia, an
(36.0) operational statewide analytics portal combined hospital electronic
National policy 27 health records, discharge and readmission data and geographic stroke
10.6) T . P .
Model interpretability reported 1nd1?ators to sgpport hosplta! quality 1r.nprovement, emergency medl.cal
Yes 9 (5.6) services planning and statewide reporting [35]. In Rhode Island, a pilot
No 152 neighbourhood-level model and interactive maps identified areas
(94.49) vulnerable to opioid overdose and associated HIV and hepatitis C out-
External validation reported breaks to target prevention resources [36]. WHO’s 2024 PhilHealth
Yes 35 . . . . . .
©1.7) report described operational use of the Machine Learning Identification,
No 126 Detection and Analysis System (MIDAS), which used claims anomaly
(78.3) detection to identify unusual provider claiming patterns for manage-

f Studies reported more than one modelling approach, analytical task, and
author-stated intended decision-support application; therefore, category totals
exceed n = 161. Intended-application categories describe how authors framed
the potential use of the model. They do not establish that outputs were delivered
through a routine workflow, linked to a decision rule or used to make an enacted
decision.

the most frequently reported barriers concerned data quality and
interoperability (112; 69.6%) and validation and transportability (104;
64.6%); the most frequently reported enablers were data and interop-
erability arrangements (55; 34.2%), validation and transportability
measures (38; 23.6%) and workforce or stakeholder involvement (26;
16.1%). Development-stage articles most often reported data quality
and interoperability barriers (99/139; 71.2%) and validation and
transportability barriers (92/139; 66.2%). In contrast, operational de-
ployments more often described workflow integration and usability (8/
9; 88.9%), data and interoperability arrangements (5/9; 55.6%),
organisational readiness or partnership (4/9; 44.4%) and monitoring or
updating (3/9; 33.3%) as enablers. Because articles could contribute to
multiple domains and only 3 pilot and 9 operational articles were
identified, these comparisons are descriptive and do not establish causal
determinants of deployment (Supplementary Table 9; Supplementary

ment review and investigation [37]. Across the three reports, the com-
mon practical function was anticipatory risk identification and
prioritisation: routinely generated data were converted into actionable
signals that helped organisations identify where attention was needed,
target resources and preventive action, or trigger further review and
investigation. Although applied to different health-system problems, the
cases illustrate how predictive health informatics can support pre-
paredness and organisational response when analytical outputs are
embedded in decision processes. The reports were analysed separately
and were not added to the primary denominator of 161 peer-reviewed
articles.

5. Discussion
5.1. Principal finding: The claim-to-action reporting gap

This review shifts attention from predictive model performance to
the conditions required for operational health-system decision support.
The central finding was a marked claim-to-action reporting gap.
Although 118 of 161 articles (73.3%) framed predictive applications as
relevant to resource allocation or capacity planning, only 9 (5.6%)
documented a specific output-to-decision pathway and 14 (8.7%)
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Fig. 3. Implementation maturity by level of decision supported. Bars show the number of articles at the highest documented stage: development only, validation,
pilot implementation or operational deployment. Decision level refers to the organisational level at which the output was intended to inform action and is distinct
from the analytical-context categories reported in Table 1. Segment labels show article counts; the cross-tabulation of analytical context and decision level is provided

in Supplementary Table 8.

reported routine workflow integration. As defined in Section 2.4, this
gap represents the discrepancy between author-stated decision rele-
vance and documented decision integration; it should therefore be
interpreted as a reporting gap rather than evidence that decision use was
absent in practice.

This discrepancy matters because predictive performance alone does
not establish operational value. For a model to function as health-system
decision support, its output must reach an identifiable decision actor at
an appropriate point in the workflow and be linked to an actionable
choice. When these connections are not documented, it is difficult to
determine whether predictive information influenced practice, how
uncertainty was interpreted, who was accountable for the resulting de-
cision, or whether the implementation could be reproduced, evaluated
or transferred to another setting. The reporting gap therefore limits both
assessment of real-world impact and cumulative learning about the
conditions required for successful deployment.

This pattern is consistent with sociotechnical accounts of health-
information technology, which emphasise alignment among technical
systems, users, organisational routines and governance [21-23]. The
review adds empirical evidence that stated planning relevance was
common, whereas the mechanisms connecting predictive outputs to
organisational decisions were rarely documented. Decision pathways
should therefore be evaluated and reported as an integral component of
predictive decision support rather than inferred from model perfor-
mance or stated purpose alone.

5.2. Progression from development to operational use

Peer-reviewed evidence remained dominated by development-stage
articles (86.3%), with 10 (6.2%) reaching validation, 3 (1.9%) pilot
implementation and 9 (5.6%) operational deployment. Development-
stage articles predominated across most income settings; however, the
single low-income article was classified as operational deployment, and
small denominators limit interpretation of the lower-income categories.

The focused synthesis indicates that progression depends on more
than predictive performance. Data quality, interoperability, validation,
and transportability were the most frequently reported barrier domains,
whereas operational deployments more often described workflow de-
livery, organisational readiness and lifecycle monitoring as enablers.

Because these factors were author-reported and unevenly documented,
they should be interpreted as implementation conditions rather than
proven causes of deployment or non-deployment.

Implementation maturity differed descriptively by decision level.
Facility-level applications may have a shorter route between output and
operational actor, whereas district and national decisions involve more
organisations, mandates and accountability relationships. This inter-
pretation is consistent with implementation literature but remains an
explanatory hypothesis [6,18].

The three supplementary implementations [35-37], although drawn
from different domains, shared a practical function: converting
routinely generated data into signals that helped organisations identify
elevated or unusual risk and prioritise action. Virginia used statewide
stroke analytics to support quality improvement and emergency medical
services planning; Rhode Island used neighbourhood vulnerability maps
to target overdose and infectious-disease prevention; and PhilHealth
used claims anomaly detection to focus management review and
investigation. Their value therefore extends beyond showing that
implementation evidence exists outside journals. They illustrate how
predictive informatics can support anticipatory risk management, tar-
geted resource use and organisational preparedness when outputs are
embedded in operational workflows. The rarity of such examples is also
consistent with the barriers identified in the peer-reviewed literature:
operationalisation requires not only model performance, but interop-
erable data, validation, workflow integration, organisational readiness
and ongoing monitoring. These three cases do not establish effectiveness
or resilience, but they demonstrate the practical scope for informatics to
strengthen system responsiveness.

5.3. Data integration and interoperability

Data integration remained a persistent constraint. Many articles
relied on fragmented datasets and incompletely described linkage be-
tween routine health information, population and administrative sour-
ces. Integration depth did not increase consistently with country
income, indicating that fragmentation was not confined to resource-
constrained settings (Supplementary Fig. 4) [17,18,20].
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5.4. Governance, workflow integration and uncertainty

Governance, workflow integration and uncertainty were often re-
ported insufficiently to assess operational trustworthiness. In 110 arti-
cles, workflow integration was not reported, and only 24 described how
uncertainty informed decisions. Lack of reporting does not establish that
these activities were absent; however, it prevents assessment of decision
authority, data stewardship, model ownership, maintenance, human
review and accountability. Inadequate reporting is therefore itself an
informatics concern [14,19].

5.5. Geographic concentration and equity

The strong concentration in high-income settings, particularly the
United States, likely reflects several overlapping factors: greater avail-
ability of linked routine data and computational infrastructure; stronger
health-system research and publication capacity; the English-language
eligibility criterion; and bibliographic-database coverage that favours
indexed journal literature. Relevant work in under-represented settings
may also be published locally, in other languages or through institu-
tional and programme reports. The observed distribution therefore re-
flects both research activity and the visibility of that activity within the
review’s information sources.

The concentration of evidence in data-rich settings also raises equity
concerns. Predictive systems may reinforce existing imbalances in
decision-making power when technical actors control model design and
interpretation without transparent governance or inclusive decision
processes [17,20] Studies should therefore report whose priorities are
represented, who can challenge or override outputs and how infra-
structure, data quality and governance conditions affect transferability
to under-represented settings.

5.6. Implications for research, policy and practice

These findings support a minimum decision-integration reporting
chain. Studies should identify: the target decision and accountable actor;
the data-refresh and model-update process; the predictive output and
associated uncertainty; the delivery mechanism and timing; the action
threshold and available alternatives; the role of human review and
escalation; governance, equity and accountability safeguards; and
monitoring of use, model drift, decisions and downstream consequences.
Implementation maturity should be reported as an outcome, with
development, validation, pilot implementation, operational deployment
and post-deployment monitoring clearly distinguished. Policy-facing
evaluations should state who receives the output, which decision it
changes and how use and consequences are monitored after
deployment.

5.7. Strengths and limitations

This review provides a global synthesis of predictive analytics for
health-system decision support across five bibliographic databases and
applies an explicitly operationalised framework that distinguishes
author-stated intended applications from documented decision path-
ways, workflow integration and implementation maturity. The review
also separates documented absence from non-reporting, applies a four-
stage implementation classification, and provides record-level coding
rules and audit materials to support transparency and reproducibility.
An additional grey-literature assessment of Overton, WHO IRIS and
PAHO IRIS broadened coverage to implementation evidence reported
through policy and organisational sources, while preserving the pre-
specified peer-reviewed evidence base and denominator [38].

Several limitations should nevertheless be considered when inter-
preting the findings. The review mapped the breadth and characteristics
of the literature rather than evaluating causal effectiveness, and no
formal risk-of-bias assessment was undertaken, consistent with its

International Journal of Medical Informatics 222 (2026) 106678

scoping purpose. Coding necessarily depended on information reported
in articles and supplementary materials; consequently, “not reported”
should not be interpreted as evidence that a feature was absent in
practice. Similarly, the barrier and enabler synthesis captures author-
reported implementation conditions and cannot establish causal de-
terminants of progression to deployment.

The supplementary grey-literature assessment was focused on
implementation-stage evidence. Overton provided a complete export-
able search denominator, whereas WHO IRIS and PAHO IRIS were
assessed using a fixed targeted search approach because their repository
interfaces did not provide a stable exportable result set comparable with
Overton. These sources substantially broadened coverage of policy and
organisational evidence and identified additional pilot and operational
implementations not represented in the primary peer-reviewed set.
Nevertheless, relevant implementation evidence may also be reported
through national government, health-service, insurance or institutional
sources outside the repositories examined. A prospectively designed
multi-source grey-literature review could further characterise imple-
mentation maturity and potentially yield a different maturity profile by
identifying additional pilot or operational systems reported outside
peer-reviewed journals. The primary review was restricted to English-
language peer-reviewed articles and used a pragmatic 2014 start date,
which may have excluded relevant earlier or non-English evidence.

6. Conclusion

Among the peer-reviewed evidence examined, predictive analytics
using routine and population health data expanded substantially but
remained dominated by development-stage studies, with a marked gap
between stated health-system relevance and documented integration
into decision pathways and routine workflows. The three supplementary
implementations demonstrate how routine data can be converted into
actionable risk signals for service planning, targeted prevention and
investigation, illustrating the practical value of predictive informatics
for preparedness, prioritisation and organisational responsiveness. The
principal informatics challenge is therefore not model development
alone, but demonstrating how predictive outputs reach accountable
decision-makers, inform specific actions, and are governed, integrated,
monitored and maintained in practice. Future evaluations should report
the complete decision-integration chain, including decision actors,
predictive outputs and uncertainty, delivery mechanisms, decision rules,
actions, governance, workflow integration and lifecycle monitoring.
This is particularly important in under-represented settings, where
infrastructure, data quality, organisational capacity and governance
may determine transferability, equity and sustainability.
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