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ARTICLE INFO ABSTRACT

Keywords: We summarised active surveillance data to identify patterns and ecological factors correlated with AIV
Influenza A detection in wild birds, through a systematic review and meta-analysis. We screened 2851 articles from the
Meta-analysis PubMed and Scopus databases, out of which 197 met our eligibility criteria and were selected for further
Wild bird species

analysis. The dataset encompassed 367 wild bird species from 72 avian families. The pooled prevalence
of sampled birds was 4.80% (95% CI: [3.91-5.77%]) across 900,469 samples collected during the period
1971-2023, with substantial heterogeneity (I> = 99.7%) across studies. Among continents, Central America
displayed the highest prevalence at 9.89% (95% CI: [2.25-21.99%]), albeit based on relatively few samples
(n=4205). In temperate regions, prevalence peaked in autumn, at 5.82% (95% CI: [3.84-8.15%]), while
in tropical regions, prevalence was notably higher during the dry season (2.33%, 95% CI: [0.38-5.54%])
than during the wet season (0.22%, 95% CI: [0.00-0.90%]). Prevalence varied significantly across avian
families, with Anatidae, the most extensively sampled family, exhibiting a prevalence of 6.19% (95% CI:
[5.10-7.37%]). Migratory species and those associated with freshwater habitats also exhibited higher AIV
detection. Moreover, meta-regression analyses revealed that seasonal patterns of AIV detection differed across
regions. Despite this, high heterogeneity across studies remained, likely driven by differences in surveillance
intensity, diagnostic methods, and unmeasured ecological factors. This meta-analysis highlights key spatial,
taxonomic, and temporal patterns in AIV prevalence among sampled birds. The findings underscore the need
for harmonised, representative surveillance to better anticipate emerging avian influenza risks.

Viral prevalence rate

1. Introduction While passive surveillance (dead or sick birds) maps where HPAI
viruses emerge, many studies have instead focused on estimating AIV

Avian influenza (AI) is a viral disease of global importance, causing prevalence in specific wild bird species within defined regions and sam-
significant morbidity and mortality in wild and domestic birds and pling periods to capture background circulation and silent reservoirs.
posing a risk of transmission to humans. It spreads directly via the Previous surveillance studies [4-8] have shown that the prevalence of
faecal-oral route and indirectly through contaminated substrates such Al in sampled wild birds varies geographically and can change over
as food, water, or farm equipment. Long-distance transmission is pri- time. Collating these fragmented results into a comprehensive study
marily driven by wild migratory birds and further amplified by poultry is therefore highly insightful, but little effort has been made recently
trade and transport, which facilitate the virus’s spread across regions in this direction due to the considerable time required to compile and
and borders [1]. harmonise disparate data sets.

Wild birds, particularly waterfowl, are natural reservoirs for AIV Early global reviews laid the groundwork for our understanding
and host a wide diversity of viral subtypes [2,3]. They typically carry of AIV in wild birds. Olsen et al. (2006) [9] identified migration,
low-pathogenicity avian influenza (LPAI) viruses without clinical signs, aquatic lifestyle, and surface feeding as key ecological drivers of LPAI
yet certain H5 and H7 LPAI lineages may mutate into highly pathogenic prevalence. Building on this, Munster and Fouchier (2009) [10] synthe-
avian influenza (HPAI) after introduction into poultry populations. sised four decades of surveillance data to demonstrate the persistent,
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seasonal circulation of LPAI in migratory waterfowl and highlighted
major geographic and taxonomic gaps. Finally, Garamszegi and Moller
(2007) [11] showed through comparative analysis that traits such as
migration distance and freshwater habitat use significantly predict LPAI
prevalence, underscoring the role of host ecology in shaping virus
distribution.

Recently, meta-analyses have offered subtype-specific prevalence
estimates (e.g., H5SN6, H5N8, H9) and revealed substantial hetero-
geneity across host taxa, regions, and sampling methods [12-15]. In
parallel, a few studies have examined overall AIV prevalence at the na-
tional or regional level, particularly in Asia, highlighting the variability
between species and locations [8,16].

The objective of the present study is to synthesise prevalence data
from sampled birds and investigate the ecological, taxonomic, and
geographical drivers of AIV detection. This work aims to support the
development of surveillance strategies to prevent the introduction and
spread of the disease and reduce its impacts on both avian and human
health.

2. Materials and methods

We conducted a systematic review of the literature concerning
prevalence rates of sampled wild bird species. The complete database
is presented in Table S1. The detailed list of bird species identified
through the review is provided in Table S2.

2.1. Search strategy

The search strategy consisted in screening PubMed and Scopus, two
English databases for scientific literature. The search strings used for
the systematic review included “avian influenza”, “surveillance” or
“incidence” or “prevalence”, “wild bird” or “waterfowl” or “migratory
bird”, and combinations of these terms.

2.2. Study selection

All studies identified in searches were assessed for eligibility and
inclusion by MCD. Systematic research and screening were started
in September 2023, and the last systematic search was requested on
September 20, 2024. Relevant research findings were then manually
selected based on the relevance of the title and/or abstract to the
prevalence of AIV in wild birds, as determined through active surveil-
lance, PCR tests or virus isolation tests. Only studies containing primary
data were considered in our review. The original authors of the se-
lected publications were not contacted for additional information and
unpublished data was not included.

2.3. Exclusion criteria

To refine the initial pool of studies identified through the search, we
applied the following exclusion criteria to focus specifically on epidemi-
ological studies addressing AIV in wild bird populations: (1) non-wild
bird studies (domestic birds or mammals); (2) non-research-based pub-
lications such as press releases, newsletters, forum discussions, etc.; (3)
studies missing information on location, sample size, prevalence, or
detection rate; (4) studies based on fewer than 10 samples.

2.4. Data extraction

Data were extracted and placed in summary tables under the fol-
lowing headings (Table S1): reference, continent, country, location,
scientific name of species, family of species, order of species, start and
end year of study, months of sampling, sample size and number of
positive cases. All species were reported in a separate table and a code
identifier was assigned to identify each species reported in the database
(Table S2).
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2.5. Statistical analysis

Statistical analysis was performed using R Core Team (version 4.4.0)
software [17] and the meta and metafor packages [18].

2.5.1. Statistical modelling framework

Definitions. In this study, we define the prevalence as the prevalence
of sampled birds because it is the proportion of positive samples among
the total number of birds sampled in each study, acknowledging that
these estimates do not represent the true prevalence in the overall wild
bird population.

Each prevalence value (i.e., each row in Table S1) was treated
as a separate observation, defined as a unique combination of study,
species, sampling month(s), year(s), and location (country). A single
study can therefore contribute multiple observations when it reports
results for multiple species, sampling periods, countries, or years (Fig.
1). For all analyses, we removed observations with fewer than 10
samples. The observations kept are marked as “Yes” in the column
“Included_in_metaanalysis” of Table S1.

Overall pooled prevalence. To derive the overall pooled preva-
lence of sampled birds, we aggregated observations at the study level
(Fig. 2). All eligible observations originating from the same study were
combined by summing the total number of positive birds and the
total number of birds sampled, resulting in one aggregated prevalence
estimate per study.

Subgroup analysis. We performed subgroup analyses to explore
how the prevalence of sampled birds varied across taxonomic, tempo-
ral, geographical, and ecological characteristics. Each subgroup analy-
sis was conducted independently (Fig. 2).

For taxonomic subgroup analyses, observations were aggregated at
two levels: (i) the study x species level and (ii) the study x family level.
This means that all observations within the same study that referred
to the same species (or the same family) were combined by summing
positives and total sampled birds, yielding one prevalence estimate per
study-species or study—family combination. Taxonomic groupings were
based on the scientific and family names reported in the original studies
(Table S2). To ensure robust species-level estimates, we included only
species with a cumulative sample size of at least 30 birds across all
studies.

For the seasonal subgroup, observations were classified into four
hemispheric categories based on the country of sampling (Northern,
Southern, Tropical). Polar regions were excluded due to insufficient
data. Observations spanning multiple countries from different hemi-
spheres were also excluded from seasonal analyses. For the Northern
and Southern Hemispheres, seasons were defined using a combination
of “core” months (e.g. December-February for winter in the Northern
Hemisphere) and adjacent “close” months (e.g. November and March).
Observations spanning 1-4 months were assigned to the season that
contained most of their core months, provided all sampled months fell
within the core or close months of that season (Table S9); otherwise,
no season was assigned.

For tropical regions, where temperate seasonal definitions do not
apply, observations were instead classified as dry or wet season based
on country-specific rainfall patterns. Season assignments were deter-
mined using published climatological data for each sampling location
(see column “Tropic_season” in Table S1). Observations spanning tran-
sition periods between dry and wet seasons, or exceeding four months,
were excluded from seasonal analyses.

For continent-level subgroup analyses, observations were classi-
fied using standard continental categories (Africa, Asia, Europe, North
America, South America, Central America, Oceania, Antarctica).

Ecological subgroup analyses were based on species-level traits
extracted from the IUCN Red List [19], including habitat type (fresh-
water, marine, terrestrial) and migratory behaviour (full migrant, non-
migrant, altitudinal migrant, nomadic).
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Overall pooled
prevalence conducted
at the study-level
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Fig. 1. Structure of the database used in the meta-analysis. An observation is defined as a unique combination of study, taxonomic information (species,
family, order), year(s) of sampling (“Year start”, “Year_end”), month(s) of sampling (January—-December), location (country), and prevalence information (number

of positive samples and total number of samples).

Definition of regions. For temporal analyses (monthly prevalence
subgroup analysis and meta-regression), broader geographic regions
were defined based on hemispheric classification and data availability.
Seasonal classification was first applied at the hemispheric level (North-
ern Hemisphere, Southern Hemisphere, Tropical, Polar). For monthly
prevalence analyses and the “Season x Region” meta-regression, North-
ern Hemisphere observations were further stratified into three re-
gions (Northern Hemisphere—Americas, Northern Hemisphere-Europe,
Northern Hemisphere—Asia), as sufficient data were available to sup-
port this subdivision.

Accordingly, the term “region” in the manuscript refers specifically
to these specific geographic groupings and is distinct from the conti-
nent categories used in subgroup analyses. These regional definitions
apply only to monthly prevalence analyses and the “Season x Region”
meta-regression model.

2.5.2. Pooled prevalence estimates

After aggregating the data at the appropriate level (either at the
study level for the overall pooled estimate or at the “study x sub-
group” level for subgroup analyses), some resulting prevalence values
were extremely low or extremely high (approaching 0 or 1), which
leads to unstable sampling variances. To stabilise these variances, we
applied the Freeman-Tukey double arcsine transformation. The trans-
formed estimates were then pooled using inverse-variance weighting
under a random-effects model. Final pooled prevalence values were
back-transformed for interpretation.

2.5.3. Publication bias
Publication bias occurs when study results are more likely to be
published if they are positive or statistically significant. Therefore, we

assessed whether study size influenced reported prevalence values us-
ing both visual and statistical approaches. Publication bias was assessed
only for the study-level pooled analysis and not within each subgroup.

We first inspected funnel plot symmetry by plotting study-level
prevalence estimates against their standard errors. Asymmetry in this
plot may indicate that smaller studies tend to report systematically
higher or lower prevalence values than larger studies, suggesting po-
tential reporting bias.

We then applied Egger’s regression test [20], which formally eval-
uates whether study size is associated with deviations in estimated
prevalence. A non-significant intercept indicates no statistically de-
tectable asymmetry, whereas a significant result suggests the presence
of small-study effects.

2.5.4. Sampling bias

To evaluate whether sampling effort was systematically influenced
by ecological characteristics of species, we conducted two complemen-
tary analyses. First, to assess whether more abundant species were
sampled more intensively, we matched species-level sample counts with
global population estimates obtained from the IUCN Red List [19].
We evaluated the correlations between total number of samples and
estimated population size using Pearson and Spearman tests on log-log
transformed values.

Second, to investigate whether sampling effort differed across mi-
gratory categories, each species was assigned a migratory behaviour
(full migrant, non-migrant, altitudinal migrant, or nomadic) according
to IUCN classifications. Total sample counts per species were compared
across categories using a Kruskal-Wallis rank-sum test [21]. Pairwise
differences were further evaluated with Dunn’s post-hoc tests and
Benjamini-Hochberg correction [22], implemented in the DescTools
R package [23].
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Fig. 2. Analysis workflow. The diagram summarises the three analytical components of the study: the overall pooled prevalence, subgroup analyses, and the
meta-regression. In the Data aggregation column, expressions such as “Study x Season” or “Study x Species” indicate the level at which observations were grouped
before analysis. For example, all observations belonging to the same study and the same season were combined to produce a single prevalence estimate for that
study-season category. For each aggregation level, the label below the box reports the number of studies (k) and the number of aggregated observations used
in that analysis. For subgroup analyses, categories refer to the distinct levels within each subgrouping variable (e.g., individual species, avian families, seasons,

continents, migration behaviours, or habitat types).

These analyses were intended to identify potential biases in sam-
pling intensity that might influence observed prevalence patterns. They
were performed independently of the meta-analytic models and are
reported in the Results section.

2.5.5. Heterogeneity measures

Heterogeneity measures the variability between studies beyond ran-
dom chance, reflecting differences in study designs or populations.
Heterogeneity between studies was assessed with three complementary
metrics: (i) Cochran’s Q for total heterogeneity (with Q-test p-value),
(ii) Higgins’ I? index to express the proportion of total variation due
to heterogeneity, and (iii) the between-study variance z2. These mea-
sures were computed both for the overall pooled analysis and within
each subgroup meta-analysis. High heterogeneity (I> > 75%) suggests
substantial between-study differences, limiting the reliability of pooled
estimates, whereas low heterogeneity (I> < 25%) indicates consistent
results across studies. Quantifying heterogeneity using I and 72 is thus
essential both to interpret pooled estimates and to identify sources of
variability [24].

For subgroup analyses, we also assessed differences between sub-
groups using the between-group Q-test (denoted Q,). A significant Q,
(p < 0.05) indicates that prevalence differs more across subgroups than
would be expected by chance alone.

2.5.6. Meta-regression analysis
The meta-regression analysis complements the subgroup analyses by
evaluating multiple variables simultaneously. Prior to meta-regression,

observations were aggregated at the “study x season X region X tax-
onomic order” level by summing positive and total samples, yielding
one prevalence estimate per study-moderator combination (Fig. 2). We
fitted multilevel mixed-effects meta-regression models using restricted
maximum likelihood (REML) via the rma . mv function in the metafor
package [18] to evaluate moderators of AIV prevalence. A random
intercept for study was included to account for non-independence of
multiple observations from the same study.

We considered three categorical moderators: season (Winter [refer-
ence], Spring, Summer, Autumn), region (Northern Europe [reference],
Northern Americas, Northern Asia, Southern Hemisphere), and taxo-
nomic order (Anseriformes [reference], Charadriiformes, Gruiformes,
Passeriformes, Pelecaniformes, Suliformes). We first fitted single-
moderator models to assess individual effects, then compared addi-
tive and interaction models for several moderator combinations using
Akaike Information Criterion (AIC). Based on model comparison, we
retained two final models: (1) a seasonal model with the Season x
Region interaction, and (2) a taxonomic model with Order alone.

We report the omnibus test of moderators (Q,,), regression coeffi-
cients () on the Freeman-Tukey scale with standard errors, z-values,
p-values, and 95% confidence intervals. Predicted prevalences were
back-transformed for interpretation.

3. Results
3.1. Data description: locations, years, seasons, and species

A total of 2851 studies were identified from two international
databases (Scopus and PubMed). After reviewing the titles, abstracts,
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Fig. 3. Flow Diagram PRISMA [25].

and full texts, 197 articles were accepted (Fig. 3). The full list of
references is presented in Table S3. These articles provided 4325 ob-
servations classified by reference, taxonomic information, months of
sampling, year of sampling, and location (Table S1). A single study
may provide multiple observations depending on the level of detail of
the information reported. All raw data are provided in Table S1. We
removed observations with fewer than 10 samples in the meta-analysis,
resulting in a final dataset comprising 900,469 samples tested for AIV
in wild birds for 2512 observations from 197 studies.

Data were collected between 1971 and 2023. Most samples were
collected in North America (54% of total samples), followed by Europe
(29% of total samples), and Asia (8.9%). Countries with the most
sampling effort were: United States (434,865 samples), The Netherlands
(144,035 samples), Canada (50,898 samples), China (34,894 samples)
and Russia (20,988 samples) (Figs. 4(a) & 4(b)).

Prevalence rate estimates of sampled birds were predominantly re-
ported at the species level, accounting for 825,237 samples. In contrast,

only a small proportion of the studies provided data at the family
level (6.6%, 59,037 samples), the order level (1.4%, 12,405 samples)
or the genus level (0.4%, 3790 samples). Most of the samples were
collected from species within the order Anseriformes (81%), followed
by Charadriiformes (13%) and Passeriformes (2%) (Table S5).

We investigated whether the sampling effort was influenced by the
global abundances of species. Among species with a valid scientific
name, 234 had both sample counts and population size estimates
available from the IUCN Red List. On the log-log scale, neither Pearson
(r = —0.10, p = 0.12) nor Spearman (p = —0.096, p = 0.14) correlations
were statistically significant, indicating that common and rare species
were sampled with comparable intensity.

We next examined whether sampling effort differed by migratory
behaviour (Section 2.5.4). Species were classified as altitudinal mi-
grants, full migrants, nomadic, or non-migrants (IUCN classification),
and total sample counts per species were compared. A Kruskal-Wallis
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Fig. 4. Number of samples per country reported in the database of the literature review.

test showed no significant overall difference in sampling effort across
migration categories (y> = 6.84, df = 3, p = 0.08). Full migrants
tended to have the highest median sample counts and non-migrants
the lowest. Post-hoc pairwise Dunn tests with Benjamini-Hochberg
correction revealed no significant differences between any two groups
(all adjusted p > 0.33). Together, these results indicate that neither
the overall abundance of species nor their migratory behaviour sys-
tematically biased the number of samples collected. A complementary
analysis comparing sampling effort between dabbling and diving ducks
showed no evidence of differential sampling intensity between these
ecological groups (Figure S3).

3.2. Overall pooled prevalence

We first evaluated the overall pooled prevalence of sampled birds
by aggregating data at the study level, regardless of species, seasons, or
other stratifications, resulting in one aggregated data point per study.
A total of 197 studies were included, accounting for 900,469 samples,
of which 63,731 were positive for AIV, for a pooled meta-analysis
prevalence of 4.80% (95% CI [3.91-5.77%]). The forest plot displaying
the study-specific prevalence estimates is presented in Figure S1.

Substantial heterogeneity was observed (12 = 99.7%; > = 0.0226
[0.0198;0.0308]), indicating significant variability between studies. The
funnel plot (Figure S2) showed slight asymmetry, but Egger’s test
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did not provide statistically significant evidence of publication bias
(p = 0.3610). The heterogeneity likely arises from differences in study
designs, regions, and taxonomic levels, underscoring the importance of
subgroup analyses.

3.3. Exploration of heterogeneity and subgroup analysis

Given the diversity of the studies included in the meta-analysis, an
exploration of heterogeneity was carried out to assess the variability in
prevalence rates of sampled birds. Subgroup analyses were performed
by taxonomic levels, seasons, and continents to better understand the
sources of this variability.

3.3.1. Taxonomic subgroup analysis

Species-level analysis. To evaluate heterogeneity at the species
level, we conducted a subgroup meta-analysis including all species with
a total sample size of 30 or more. A total of 367 species were included
in the analysis, with results presented in Figure S4 and Table S7.

The test for subgroup differences confirmed significant variation in
prevalence across species (Q, = 2,520, p < 0.0001), indicating strong
taxonomic influences on Al prevalence. High heterogeneity (I > 75%)
was observed across multiple species, particularly those with larger
datasets. Heterogeneity tended to increase with the number of studies
reporting a given species. For instance, Anas platyrhynchos (I* = 99.7%,
72 = 0.0286) was reported in 92 studies, highlighting substantial
variability in prevalence estimates (Pooled prevalence = 9.27%, 95%
CI: [7.29%-11.45%]). Similarly, Anas crecca (Pooled Prevalence =
7.71%, 95% CI: [5.51%-10.23%], I* = 95.6%) and Anas carolinensis
(5.81%, 95% CI: [3.43-8.74%], I> = 99.5%) exhibited high levels of
heterogeneity.

Pooled prevalence of sampled birds varied widely across species.
Anas poecilorhyncha exhibited the highest prevalence at 44.6% (95%
CI: [39.4-49.9%]), based on 368 samples collected across two studies;
heterogeneity was low (I?> = 5.5%, t> < 0.0001, p = 0.3035), indicat-
ing consistent estimates between those investigations. Aix galericulata
showed a prevalence of 36.96% (95% CI: [23.49-51.49%]) from a
single study of only 46 samples, reflected by its wide confidence
interval. Cairina moschata had a pooled prevalence of 18.24% (95%
CI: [14.67-22.10%]) based on 421 samples from three studies, with no
detectable heterogeneity (I> = 0%, 7> = 0, p = 0.9685). Although these
species exhibited notably high prevalence rates, their sample sizes were
relatively small, and estimates should be interpreted with caution.

Family-level analysis. As with the species-level analysis, only ob-
servations with available family or species information were included.
This analysis, covering 72 avian families, estimated pooled preva-
lence and assessed heterogeneity using a random-effects model, while
accounting for variability between families (Figure S5 and Table S8).

The test for subgroup differences confirmed statistically significant
variation in prevalence among families (Q, = 361.74, p < 0.0001).
Anatidae was the most well-sampled family, with 162 studies cover-
ing 723,962 samples, yielding a pooled prevalence of 6.19% (95%
CL: [5.10-7.37%]) and high heterogeneity (I> = 99.7%). The sub-
stantial heterogeneity suggests strong ecological and geographical in-
fluences on AI prevalence within this family. Laridae (70 studies,
73,785 samples) and Scolopacidae (49 studies, 31,621 samples) exhib-
ited lower prevalence estimates (1.71%, 95% CI: [0.97-2.61%] and
1.35%, 95% CIL: [0.49-2.52%]) but still displayed high heterogene-
ity (I* > 96%), indicating variability among studies within these
families. Among other relatively well-sampled families, Phoenicopteri-
dae (6 studies, 648 samples) had a prevalence of 3.86% (95% CI:
[0.00-13.9%]), while Jacanidae (3 studies, 563 samples) had 2.19%
prevalence with no observed heterogeneity (1> = 0%). Families such as
Parulidae (5.94%) and Cardinalidae (13.7%) also exhibited relatively
high pooled prevalence.
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3.3.2. Continent-level subgroup analysis

A subgroup analysis was conducted to examine Al prevalence across
different continents (Table 1). The test for subgroup differences was
statistically significant (Q, = 140.67, p < 0.0001), indicating that
prevalence estimates differed meaningfully across continents. The high
heterogeneity in most regions (I> > 95%) suggests that additional
ecological, taxonomic, and methodological factors may influence ob-
served prevalence rates. Only Antarctica exhibited no heterogeneity
(I? = 0%), likely due to the limited number of studies (k=2) and
near-zero prevalence.

The pooled prevalence estimates varied substantially, ranging from
0.0001% (95% CI: [0.0000-0.0032%]) in Antarctica to 9.89% (95% CI:
[2.25-21.99%]) in Central America (Table 1). North America (6.11%,
95% CI: [4.61-7.80%]) and Europe (5.44%, 95% CI: [3.70-7.48%])
exhibited the highest prevalence rates among well-sampled regions,
while South America had a notably low prevalence (0.09%, 95%
CI: [0.00-0.47%]). Oceania exhibited a moderate pooled prevalence
(4.29%, 95% CI: [0.51-11.35%]). The forest plot (Figure S8) completes
this analysis providing a visual representation of prevalence estimates
for each study across continents.

These results suggest potential regional differences in surveillance
efforts, host species distribution, and environmental conditions affect-
ing AIV circulation.

3.3.3. Season-level subgroup analysis

Seasonal variation in AIV prevalence was evaluated using the season
classifications derived from the month-based decision rules described
in the Methods (Section 2.5.1). For temperate regions (Northern and
Southern Hemispheres), observations were assigned to winter, spring,
summer, or autumn; for tropical regions, observations were classified
as dry or wet season based on country-specific rainfall patterns. Studies
with sampling periods exceeding four months, or spanning transition
periods, were excluded from this analysis. After filtering, 180 study-
season strata remained, representing 256,763 sampled birds and 21,143
positive detections.

Pooled prevalence estimates, heterogeneity statistics, and sample
sizes for each season are reported in Table 1. Overall, the random-
effects model estimated a pooled prevalence of 3.90% (95% CI: [2.99—
4.91%]) across all seasons combined, with substantial residual hetero-
geneity (IZ = 99.3%, % = 0.0248).

In temperate regions, seasonal patterns showed notable variation.
Autumn exhibited the highest prevalence at 5.82% (95% CI: [3.84-
8.15%]), followed by summer at 5.36% (95% CI: [3.02-8.28%]). Win-
ter displayed a moderate prevalence of 3.46% (95% CI: [2.17-5.02%]),
while spring had the lowest estimate at 1.88% (95% CL: [0.57-3.78%]).
Across all seasons, heterogeneity remained very high (I > 95%),
indicating that studies within a given season still varied widely in their
reported prevalence.

In tropical regions, a marked difference was observed between
dry and wet seasons. Dry season prevalence was 2.33% (95% CIL:
[0.38-5.54%]; k = 10), approximately ten-fold higher than wet season
prevalence at 0.22% (95% CI: [0.00-0.90%]; k = 8).

The test for subgroup differences was statistically significant (Q, =
46.24, p < 0.0001), indicating that prevalence differed substantially
across seasonal categories. However, the consistently high within-
season heterogeneity suggests that seasonal effects are only one of
multiple factors shaping the variability observed among studies.

Monthly prevalence estimates were further explored by region using
observations with a maximum sampling duration of three months
(Figure S7). These analyses provide additional temporal resolution
and broadly support the seasonal patterns identified in the subgroup
analysis. In the Northern Hemisphere, prevalence tended to peak during
summer and autumn in Europe, during autumn and March in Asia,
and in early autumn (September—October) in North America. Tropical
regions have slightly higher estimates in January-March, and Southern
Hemisphere prevalence displayed two peaks in February and July.
However, data from the Southern Hemisphere and tropical regions were
comparatively sparse, limiting the robustness of monthly estimates for
these regions.
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Pooled prevalence estimates of avian influenza virus (AIV) detection in wild birds by season (temperate and tropical), geographical region and avian families
with more than 2000 samples. The table reports the number of studies (k), pooled prevalence of sampled birds (%), 95% confidence intervals (CI), heterogeneity
metrics (¢, 7, Q, I*), and the number of samples and positive cases for each category.

Subgroup k Prev. (%) 95%-CI (%) 72 T Q I’ No. samples No. positives
Season (Temperate)
Winter 41 3.46 [2.17-5.02] 0.0136 0.1165 2747.63 98.5% 88572 4610
Spring 27 1.88 [0.57-3.78] 0.0190 0.1379 544.08 95.2% 28330 577
Summer 49 5.36 [3.02-8.28] 0.0397 0.1992 16 341.03 99.7% 74452 10244
Autumn 45 5.82 [3.84-8.15] 0.0209 0.1447 2151.23 98.0% 53775 5258
Season (Tropical)
Dry 10 2.33 [0.38-5.54] 0.0153 0.1235 593.90 98.5% 8497 439
Wet 8 0.22 [0.00-0.90] 0.0027 0.0517 32.04 78.2% 3137 15
Continent
Africa 20 3.25 [1.39-5.71] 0.0144 0.1198 266.93 92.9% 24316 668
Antarctica 2 0.01 [0.00-0.32] 0 0 0.04 0.0% 870 1
Asia 35 4.07 [2.13-6.56] 0.0261 0.1617 3426.34 99.0% 105554 2720
Central America 6 9.89 [2.25-21.99] 0.0431 0.2075 337.50 98.5% 4205 519
Europe 50 5.44 [3.70-7.48] 0.0213 0.1459 7167.57 99.3% 248975 15663
North America 66 6.11 [4.61-7.80] 0.0182 0.1349 35251.78 99.8% 476871 37663
Oceania 9 4.29 [0.51-11.35] 0.0419 0.2046 9268.17 99.9% 26464 6457
South America 12 0.16 [0.00-0.56] 0.0017 0.0411 52.85 79.2% 13214 40
Family
Anatidae 162 6.19 [5.10-7.37] 0.0214 0.1463 59313.10 99.7% 723962 59383
Laridae 70 1.71 [0.97-2.61] 0.0119 0.1089 2391.55 97.1% 73785 2211
Scolopacidae 49 1.35 [0.49-2.52] 0.0161 0.1268 1492.92 96.8% 31621 902
Rallidae 39 0.47 [0.17-0.87] 0.0014 0.0379 88.40 57.0% 8060 99
Charadriidae 25 0.00 [0.00-0.25] 0.0029 0.0535 73.87 67.5% 4883 30
Phalacrocoracidae 24 0.54 [0.00-1.71] 0.0081 0.0900 124.56 81.5% 2932 60
Phasianidae 12 0.00 [0.00-0.06] 0.0006 0.0235 13.24 16.9% 2751 7
Ardeidae 17 0.02 [0.00-0.35] 0.0014 0.0377 28.35 43.6% 2573 15
Spheniscidae 6 0.19 [0.00-0.971] 0.0029 0.0538 25.88 80.7% 2322 12
Passeridae 11 0.78 [0.00-3.471 0.0098 0.0989 26.34 62.0% 2067 27
Parulidae 5 5.94 [0.00-37.34] 0.2015 0.4489 132.48 97.0% 2018 28

3.4. Meta-regression analysis

We first evaluated the effect of each moderator separately using
single-moderator multilevel meta-regression models with a random
intercept for study (k = 237 observations from 97 studies). Taxonomic
order showed the strongest effect (Q,, = 1944.8, p < 0.001), followed
by season (Q,, = 1406.0, p < 0.001). Region alone was not significant
(O = 3.21, p =0.360).

We then tested whether seasonal patterns varied across regions
by comparing additive and interaction models. The model including
the Season x Region interaction showed substantially better fit than
the additive model (4AIC = 892), indicating that seasonal dynamics
of AIV prevalence differ significantly across regions (Fig. 5A, Table
S10). In Northern Europe, prevalence peaked in autumn (3.3%, 95%
CI: [2.5-4.3%]) and was lowest in spring (0.7%, 95% CI: [0.3-1.1%]).
In contrast, Northern Americas showed a summer peak (2.2%, 95% CI:
[1.6-2.8%]) with lower autumn prevalence (1.1%, 95% CI: [0.7-1.5%]).
Northern Asia displayed a more stable pattern across seasons, with the
highest prevalence in spring (1.7%, 95% CI: [0.9-2.6%]).

Regarding taxonomic reservoirs, Anseriformes (waterfowl) exhib-
ited the highest predicted prevalence (2.0%, 95% CIL: [1.5-2.5%]),
followed by Suliformes (1.7%, 95% CI: [1.0-2.5%]), which did not dif-
fer significantly from Anseriformes (p = 0.31). All other orders showed
significantly lower prevalence compared to Anseriformes: Charadri-
iformes (0.5%, 95% CI: [0.4-0.6%]), Passeriformes (0.4%, 95% CI:
[0.2-0.7%]), Pelecaniformes (0.4%, 95% CI: [0.2-0.6%]), and Gruifo
rmes (0.3%, 95% CI: [0.2-0.5%]) (all p < 0.001; Fig. 5B, Table S10).

We also explored whether major outbreak periods influenced preva-
lence by adding sampling period (pre-2005,2005-2014, 2015-2019,
post-2020) as an additional moderator. These periods were chosen to
reflect known events in AIV epidemiology, including the initial spread
of H5N1 (2005-2006) [26], the emergence of H5N8 (2014-2015) [27],
and the dominance of clade 2.3.4.4b after 2020 [28]. However, no
period differed significantly from the pre-2005 baseline (all p > 0.17),

and the omnibus test of moderators was not significant (Q,, = 2.50, p =
0.475). Adding Period to the Season x Region model did not improve
fit (AAIC = -7.8). Because temporal period had no detectable effect on
prevalence, this variable was not retained in the final meta-regression.
Note that only 13 observations were available for the post-2020 period,
limiting statistical power to detect recent changes in prevalence.

3.5. Exploration of ecological factors

As species-level subgroup analysis revealed strong taxonomic in-
fluences on AIV prevalence (Section 3.3.1), we next examined two
ecological traits that might further explain variation in prevalence:
habitat and migration behaviour. These characteristics were not re-
ported in the original studies; therefore, we annotated each species
post hoc from external IUCN data sources: primary habitat (freshwater,
marine, or terrestrial) and migration behaviour (altitudinal migrant,
full migrant, nomadic, or non-migrant). As these annotations are based
on general IUCN species-level data, they may not capture local habitat
or migratory variability at specific sampling sites. After excluding
any entries lacking information from the IUCN database, 234 species
remained.

Meta-analysis by migration behaviour. We performed a random-
effects meta-analysis stratified by migration behaviour. The overall
pooled prevalence was 3.92% (95% CI [3.15%-4.77%]), with high
heterogeneity (z2 = 0.0230 [0.0197-0.0293], I?> = 99.6%). Stratified
results are detailed in Table 2.

A between-group Q-test confirmed significant differences across
migration categories (Q, = 41.26, df = 3, p < 0.0001). Full mi-
grants exhibited the highest pooled prevalence (~5%), whereas resident
species showed much lower prevalence (~0.8%). Altitudinal migrants
carried effectively no detectable AIV, and nomadic species had a high
prevalence rate, but there were fewer studies on nomadic species.

Meta-analysis by habitat. The overall pooled prevalence when
stratifying by primary habitat was 3.65% (95% CI [2.92%-4.45%]),
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Fig. 5. Meta-regression predicted AIV prevalence in wild birds. Error bars indicate 95% CI; predictions back-transformed from Freeman-Tukey scale. (A)
Seasonal model: predicted prevalence across seasons by region (“Season x Region” interaction). (B) Taxonomic model: predicted prevalence by avian order.

with extremely high between-study heterogeneity (z> = 0.0232 [0.0198
-0.0290], I? = 99.6%, Q = 66 013.45, df = 258, p < 0.0001).

A between-group Q-test confirmed that these three habitat cate-
gories differed significantly in pooled prevalence (Q, = 63.41, df =
2, p < 0.0001). The meta-analysis stratified by habitat revealed that
freshwater-associated species exhibit the highest pooled prevalence of
AIV (Table 2), with high heterogeneity (1> = 99.7%). In contrast, marine
species (42 studies) had a substantially lower pooled prevalence of
0.47% (95% CI 0.10%-1.04%), with lower heterogeneity (I> = 86.2%).
Terrestrial birds (39 studies) showed an almost equally low pooled
prevalence of 0.45% (95% CI 0.00%-1.64%), but the wide confidence
interval and high heterogeneity (I = 88.8%) reflect both small sample
sizes and inconsistent findings.

In summary, freshwater-associated birds carry AIV at substantially
higher average rates than either marine or terrestrial birds, although
all three groups exhibit considerable within-category heterogeneity.

4. Discussion

This study provides the most extensive systematic review and meta-
analysis to date of active surveillance data on avian influenza virus

(AIV) in wild birds. Although the pooled prevalence was 4.80% (95%
CI: [3.91-5.77%]), this value reflects the proportion of positives among
sampled individuals, not the true prevalence in wild populations, as
surveillance efforts rely on opportunistic rather than population-based
sampling. The substantial heterogeneity observed (I?> > 99%) further
underscores the limitations of interpreting this value, but subgroup and
meta-regression analyses allowed us to identify key patterns underlying
this variability.

Subgroup analyses partially explained this heterogeneity, revealing
substantial differences between avian families that highlight the influ-
ence of intrinsic ecological and behavioural traits. The high prevalence
observed in Anatidae aligns with their established role as primary AIV
reservoirs, likely driven by their gregarious behaviour, aquatic lifestyle,
and dabbling feeding habits that facilitate faecal-oral transmission [3,
9,29].

Shorebird families such as Scolopacidae (sandpipers) and Charadri-
idae (plovers) exhibited lower overall prevalence, though with substan-
tial within-group heterogeneity likely driven by seasonal and geograph-
ical differences. Wille et al. (2023) [30] reported that prevalence in
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Pooled AIV prevalence estimates by migration behaviour and primary habitat (IUCN classification), with corresponding number
of studies (k), between-study variance (z?), and heterogeneity (I2).

k Prevalence (95% CI) 72 I? No. samples No. positives
Migration behaviour
Altitudinal migrants 5 0.00% [0.00-0.59%] 0.0000 0.0% 265 1
Full migrants 181 5.07% [4.08-6.15%] 0.0237 99.7% 747 201 58977
Nomadic 6 5.02% [0.00-16.53%] 0.0500 90.8% 641 31
Non-migrants 51 0.77% [0.18-1.62%] 0.0107 89.7% 17049 309
Habitat
Freshwater 178 5.40% [4.39-6.51%] 0.0233 99.7% 728768 58961
Marine 42 0.47% [0.10-1.04%] 0.0048 86.2% 19410 202
Terrestrial 39 0.45% [0.00-1.64%] 0.0191 88.8% 16978 155

long-distance migratory Scolopacidae was lowest upon arrival at non-
breeding sites in Australia but increased later in the season, possibly
due to environmental conditions more conducive to virus persistence.
Similarly, Olsen et al. (2006) [9] observed higher prevalence in waders
during spring migration in North America, highlighting their potential
role in sustaining virus circulation during migratory periods.

The seasonal patterns identified in temperate regions — with preva-
lence peaking in autumn and reaching a minimum in spring — are
consistent with the post-breeding increase in immunologically naive
juveniles and elevated contact rates during migration, followed by
declining detection as population immunity rises [31,32].

Importantly, the meta-regression revealed that seasonality was
strongly region-dependent. In Europe, the autumn peak matches evi-
dence that infection risk increases when migrants arrive and mix with
residents at staging and stopover sites [32,33]. In North America, the
summer and early autumn peak corresponds to the staging period when
bird densities and the proportion of susceptible hatch-year birds are
greatest [34]. Northern Asia displayed a distinct spring peak, plausibly
explained by northward migration concentrating birds at key stopover
wetlands before reaching breeding grounds [35,36].

In tropical regions, the marked difference between dry and wet
seasons supports the hypothesis that reduced water availability con-
centrates waterbirds at remaining wetlands, increasing contact rates
and facilitating faecal-oral virus transmission [37]. However, data from
tropical regions remain limited, and further targeted surveillance is
needed to confirm these patterns across different ecosystems.

Together, these regional differences highlight that seasonal AIV
dynamics are shaped by flyway-specific factors, including the timing
of migration, the geographic distribution of key wetland habitats, and
local host community composition [9,38].

More broadly, surveillance intensity varies considerably across re-
gions. Data from the Southern Hemisphere remain particularly sparse,
and AIV circulation in South America was likely underestimated prior
to the HPAI outbreaks detected since 2022 [39]. These geographical
gaps limit comparability between regions and highlight the need to
expand surveillance in under-sampled areas.

5. Limitations and potential sources of bias

This meta-analysis is subject to several limitations. First, the screen-
ing and selection of studies was conducted by a single author, which
introduces a potential risk of selection bias. To mitigate this, title and
abstract screening was performed twice by the same reviewer, and all
full texts were evaluated using predefined, quantitative eligibility crite-
ria based on extractable detection data. Nevertheless, we acknowledge
that independent duplicate screening would have provided stronger
protection against selection bias.

Another important consideration is the interpretation of the pooled
estimate. As discussed earlier, we defined and explicitly used the term
prevalence of sampled birds, recognising that most underlying studies
rely on opportunistic sampling rather than population-based sampling.
These values do not reflect the true prevalence in wild bird populations
but rather the proportion of positives among sampled individuals. This
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limitation is inherent to wildlife surveillance, where random sampling
is rarely feasible due to logistical and ecological constraints. Never-
theless, these data remain valuable for identifying broad patterns and
drivers of ALV circulation.

Furthermore, we did not differentiate between AIV subtypes, as
this information was not consistently reported across all studies. While
some studies provided subtype-specific data (e.g., H5, H7), many only
reported overall AIV prevalence, preventing a detailed analysis of sub-
type distribution. Although we included outbreak-related time periods
as moderators in the meta-regression, none of them reached statistical
significance after adjustment for other covariates. This suggests that
while clade 2.3.4.4b and other viral lineages emergences may have
influenced prevalence, their effects could not be clearly isolated with
the available data. Moreover, changes in surveillance priorities follow-
ing HPAI emergence, such as shifts in sampling timing, location, or
target host species, may have influenced detection patterns without
necessarily reflecting changes in underlying infection prevalence.

Variability in diagnostic methods may also have affected our results.
We included both RT-PCR and virus isolation in embryonated eggs
as diagnostic methods for detecting AIV and determining the num-
ber of positive samples. Although both methods are widely used in
avian influenza surveillance, they have differences in sensitivity and
specificity [40,41], which could introduce variability in positivity rates.

The scope of covariates was also limited by what was consistently
available across studies. Important variables such as host age, sex, exact
sampling location, and habitat type were often missing or reported
inconsistently, limiting our ability to assess their influence on AIV
prevalence. We took account of sampling seasons, but the majority of
studies did not report this information and were therefore excluded
from part of the analysis.

In addition to methodological limitations, several forms of bias may
influence patterns observed in global AIV surveillance. Publication bias
is difficult to rule out entirely. Although funnel plots and Egger’s re-
gression test did not provide statistical evidence of small-study effects,
studies with exclusively negative results, particularly small-scale ones,
may be less likely to be published, whereas studies reporting positive
or unusually high prevalence may be preferentially disseminated.

Sampling bias is another important consideration. Our analyses did
not find systematic associations between sampling intensity and species
abundance or migratory behaviour, yet surveillance effort is likely
influenced by factors not captured in our dataset. Researchers may
preferentially re-sample species, locations, or time periods where AIV
was previously detected, while species that are difficult to capture may
remain underrepresented. Furthermore, the emergence of HPAI viruses
has likely shifted surveillance priorities toward outbreak timing, loca-
tions close to poultry introductions, and species affected by mortality
events. Such preferential sampling could influence apparent host or
regional patterns independently of true infection dynamics.

6. Conclusions

This meta-analysis provides a comprehensive overview of AIV preva-
lence in sampled wild birds, based on existing literature. However, the
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findings must be interpreted with caution given the high heterogeneity
and the reliance on opportunistic sampling in most studies. While
these limitations constrain the generalisability of the pooled estimates,
the meta-analysis still highlights consistent patterns and identifies key
factors driving infection detection. Future surveillance studies could
draw on this study to improve comparability between regions, species
and seasons through harmonised sampling designs and standardised
metadata reporting.
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