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Influenza A virus (IAV) in swine is a major respiratory pathogen with global
significance. This study aimed to characterize the macroepidemiological
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patterns of IAV detection using reverse transcription real-time polymerase
chain reaction (RT-rtPCR) assays, including subtype identification, in samples
submitted between January 2004 and December 2024 to veterinary diagnostic
laboratories (VDLs) participating in the Swine Disease Reporting System
(SDRS). A secondary objective was establishing an IAV monitoring capability
to inform stakeholders of weekly changes in |AV detection patterns. Of
the 372,659 samples submitted, 31% tested positive for IAV RNA via RT-
rtPCR. The most frequent sample types were oral fluids (44.1%) and lung
tissue (38.7%). Submissions from the wean-to-market category had a higher
positivity rate (34.4%) than those from the adult/sow farm category (26.9%).
IAV detection followed a seasonal pattern, with peaks in spring and fall
and lower positivity rates in summer. Of the total of 118,490 samples
tested for IAV subtyping using RT-rtPCR, the most frequently detected
subtypes were HIN1 (33.1%), H3N2 (25.5%), HIN2 (24.3%), H3N1 (0.2%), mixed
subtypes (5.4%), and partial subtype detection (11.5%). Mixed IAV subtypes
were detected in individual samples—including lung tissue, nasal swabs, and
bronchoalveolar lavage—indicating co-infection with two or more IAV strains.
For IAV forecasting, a combined model using dynamic regression and a
neural network outperformed individual models in 2023, achieving the lowest
root mean square error (RMSE) and an improved overall skill score. This
study highlights the importance of using laboratory submission data for 1AV
surveillance and macroepidemiological analysis. The findings provide valuable
insights into IAV dynamics and highlight the need for standardized monitoring
systems in VDLs to enhance understanding of IAV in swine populations across the
United States.

KEYWORDS

zoonotic disease, IAV, monitoring, swine, epidemiology, diagnostic, forecasting

1 Introduction

Influenza A virus (IAV) is classified within the
Orthomyxoviridae family, consisting of enveloped virions
with segmented, negative-sense ribonucleic acid (RNA) genomes
(1). IAV is a significant respiratory pathogen affecting animal
health worldwide, impacting various species, including swine and
poultry (2), and it has zoonotic potential (3). Human IAV strains
can be transmitted to swine and have significantly contributed
to the genetic diversity of IAV circulating in swine populations
globally—the most recent example being the reverse zoonoses
of the 2022-2023 human seasonal H3N2 virus to swine (4, 5).
These human seasonal influenza viruses influence the diversity
of TAV in swine, complicating control efforts and leading to
frequent incursions of human strains into swine populations (6).
For example, the 2009 HIN1 influenza pandemic resulted in
substantial economic losses for the US pork industry, estimated
at over $1 billion, and created public misperceptions about
pork safety (7). Recently, outbreaks of the highly pathogenic
avian influenza A (HPAI) H5N1 virus in dairy cattle and cats,
along with the detection of spillover events across a broad
host range, are concerning and suggest an increasing potential
for the virus to adapt to mammals, including livestock, pets,
and humans (8, 9). Moreover, a recent study showed that
pigs are susceptible to H5N1 infection and highlighted the
importance of biosecurity in swine herds to protect against this
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virus incursion (10, 11). The first field case of H5N1 in swine
was recently detected on a multi-species backyard farm in the
United States (12).

Diverse IAV subtypes are classified by the hemagglutinin
(HA) and neuraminidase (NA) glycoproteins that protrude
from the surface of the viral envelope (13). The predominant
subtypes in swine populations arise from various combinations
of HA and NA, particularly H1 and H3, along with N1 and
N2 (e.g, HINI1, HIN2, and H3N2), exhibiting substantial
genetic diversity circulating globally (3, 13, 14). Although
these subtypes have been detected more frequently, isolated
occurrences of subtypes, such as H2N3 and H4N6, have
been reported in North American swine populations
(15, 16). These sporadic IAV subtype detections have
been limited to circulation among the pig populations
in which they were found and have not been observed
outside those isolated cases or become endemic (17). The
ongoing evolution of antigenic characteristics within IAV
subtypes poses a significant challenge to animal health,
with  varying implications across different geographical
regions (18, 19).

Beyond genetic diversity, IAV infections in swine may occur
in combination with other pathogens, further complicating disease
management. Between 2010 and 2019, 12,547 confirmed cases of
IAV infection were reported to cause lesions in the respiratory
tissues of pigs (20). Among these, IAV was co-diagnosed with
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porcine reproductive and respiratory syndrome virus (PRRSV)
in 1,626 cases, representing 9.3% of all evaluated tissue samples.
Co-infections with bacterial pathogens included 331 cases (2.1%)
with Streptococcus suis, 322 (1.8%) with Pasteurella multocida, 256
(1.5%) with Glasserella parasuis, and 231 (1.3%) with Mycoplasma
hyopneumoniae (20).

The dynamics and diversity of IAV require ongoing
surveillance to enhance understanding and generate solutions for
its control. A notable example is the United States Department
of Agriculture (USDA) IAV Swine Surveillance program, which
provides valuable insights into IAV ecology with data that may help
identify influenza trends in swine. These data are made available to
producers, swine practitioners, and diagnosticians (21). Although
this program offers updates on national IAV swine surveillance, its
voluntary nature limits its representation of the entire domestic
swine population. Another monitoring tool is the ISU FLUture
platform, which offers multiple web-based tools for analyzing
IAV sequencing and case metadata from swine samples tested at
the Towa State University Veterinary Diagnostic Laboratory (ISU
VDL) (22). FLUture helps further explore IAV clade trends and
includes additional tools, such as the HA sequence identity tool, to
determine the clade of a given sequence (22). However, this data
is limited to submissions to the ISU VDL, restricting the broader
understanding of macroepidemiological aspects of IAV activity in
the United States (US) swine population. In addition, these tools
primarily focus on retrospective analyses, and the lack of real-time
forecasting capabilities in current systems limits the ability to
predict and respond to deviations in IAV detection patterns,
ultimately hindering efforts to guide control strategies and inform
stakeholders proactively.

Testing using RT-rtPCR assays is widely employed by VDLs
for TAV RNA detection and TAV subtyping in swine samples.
RT-rtPCR diagnostic testing is one of the most commonly
used molecular methods for confirming influenza virus genetic
material detection (23) due to the fast and accurate method
for detecting viral RNA (24), and is an important component
of national surveillance programs, including the USDA IAV
swine surveillance program (21). Several sample types are
frequently tested for IAV, such as oral fluids, nasal swabs,
and lung tissues (25, 26). New antemortem and less invasive
sample types, including udder wipes and nasal wipes, are being
developed and assessed for their effectiveness in IAV testing
(27, 28) to improve detection capabilities. Additionally, recent
studies have shown that pooling strategies can effectively detect
IAV, with findings from research involving pooled udder wipes
and nasal swabs conducted for IAV surveillance purposes (29,
30). Data from samples submitted for testing at VDLs, along
with associated IAV testing results, provides an opportunity
to better inform stakeholders about IAV detection and activity
patterns. Although the US has a National Animal Health
Laboratory Network (NAHLN), information on megatrends
for TAV PCR-based detection from porcine samples tested
within this network of laboratories is currently unavailable in
the US.

An organized information hub, such as those available for
PRRSV, enteric coronavirus, and porcine circovirus 2 and 3
(31-33), would enable a better understanding of detection and
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diversity for IAV, thus improving strategic surveillance and control
of TAV by providing information that can be further used to
assist veterinarians, pig producers, practitioners, and researchers
in the decision-making process. Consequently, this work aimed
to characterize the macroepidemiological aspects of IAV and
its subtypes detected by RT-rtPCR assays from porcine samples
over time and across age categories. A secondary aim was to
determine the seasonal patterns of IAV detection and establish
an AV monitoring capability to inform stakeholders of weekly
changes in IAV detection patterns and any deviations from
expected levels.

2 Materials and methods

2.1 Data source

Data encompassing IAV RT-rtPCR and IAV RT-rtPCR
subtyping from samples tested between January 2004 and
December 2024 were sourced from six VDLs: the ISU VDL, the
University of Minnesota VDL (UMN VDL), Kansas State VDL (KS
VDL), South Dakota State University Animal Disease Research and
Diagnostic Laboratory (SDSU ADRDL), the Ohio Animal Disease
Diagnostic Laboratory (Ohio ADDL), and Purdue University
Animal Disease Diagnostic Laboratory (ADDL), hereafter referred
to as VDLs. Together, these participating laboratories account for
over 97% of all porcine cases tested in the NAHLN laboratory
network. Submission case metadata, including receipt date, site
state, test, and testing results, were retrieved following previously
established methodologies (31, 32). The receipt date was the
submission time recorded by each VDL, while the site state
refers to the geographic location based on the state information
included in the submission. Briefly, retrospective historical
data were retrieved from each VDLs Laboratory Information
Management System (LIMS) and shared in a comma-separated
value (CSV) file format. In addition, prospective data were
made available to this project via CSV files retrieved through
application programming interface (API) calls for daily updates
or through messages sent to an HL7 database (https://vdl
iastate.edu/sdrs/Search), managed by the Swine Disease Reporting
System (SDRS, https://www.fieldepi.org/SDRS). The shared data
did not include ant VDL client identification (e.g., producer and
veterinarian information).

2.2 Dataset organization

The dataset comprised several data variables such as the
date, geographic region (state), RT-rtPCR test results, age
category, and specimen type. Specimen
organized using SNOMED CT terminology

information was
(https://www.
snomed.org/value-of-snomedct).  The Logical Observation
Identifiers Names and Codes (LOINGC; https://search.loinc.org/
searchLOINC) serve as a universal coding system that standardizes
data related to laboratory test procedures and results, and it
was used for data collation. Submissions marked as research
testing on the VDL submission forms were excluded from this
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study to ensure the analysis focused on IAV detection under
field conditions.

Unlike RT-rtPCR testing for IAV detection, the data regarding
the detection of specific IAV RT-rtPCR subtypes, namely HI,
H3, N1, and N2, were collected and organized at the sample
level, utilizing the same set of variables with the addition of a
sample number identifier. The IAV subtypes, such as HIN1, HIN2,
H3N2, and H3N1, were identified within the datasets shared by
participant VDLs. Samples, where only hemagglutinin (e.g., H1,
H3, or HIH3) or only neuraminidase (e.g., N1, N2, or NIN2)
was detected, were labeled as “partial” detection. Conversely,
samples with complete subtype detection (hemagglutinin and
neuraminidase) along with one or more different hemagglutinin
or neuraminidase subtypes, such as HIH3NI1, were labeled as
“mixed” detection.

To streamline the data organization process, data processing
and collation utilized a web-based application developed in C#
10 (34), supported by the.NET 6 web framework (35). The data
from each participants VDL IAV RT-rtPCR were organized at
the submission level and categorized according to the IAV RT-
rtPCR subtype sample, collating it into an inter-VDL standardized
format. Each VDL reported IAV sample testing results as positive,
suspect, inconclusive, or negative. A submission was considered
positive when at least one sample within it had a result reported
as positive. A submission was classified as suspect when a sample
was labeled as suspect, but no positive samples were present, even
though a suspect result was reported by the participant VDLs.
Moreover, an inconclusive result was recognized when there was
a report of an inconclusive test result without any positive or
suspect results in the submission. Submissions that reported test
results as neither positive, suspect, nor inconclusive were classified
as negative.

The retained variables were defined according to a previously
implemented methodology for PRRSV, enteric coronavirus, and
porcine circovirus under the SDRS project (31, 33, 36) and were
used as follows:

1. Age category: This variable was divided into two phases:
adult/sow farm and wean-to-market. Information for the age
category was generated using a combination of the provided
farm type and the ages of animals mentioned in the submission
forms. The adult/sow farm phase comprised samples identified
as collected from adults, boar studs, breeding herds, replacement
gilts, and suckling piglets. The wean-to-market phase aggregated
data included cases classified as nursery or grow-finish. Cases
with an unspecified age category, non-animal, or environmental
samples in the VDL submission forms were labeled as
“unknown.” To assess the difference in the proportion of
adult/sow farm and wean-to-finish phases, we conducted a
chi-squared test using R Studio (37). The significance level
was set at a P-value < 0.05 to identify differences in
IAV positivity.

2. Season: This variable represented the seasons of the year and was
organized as follows: samples received in December, January,
and February were categorized as Winter; March, April, and May
as Spring; June, July, and August as Summer; and September,
October, and November as Fall.
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3. Specimen: This variable represents the sample fraction used for
testing the submitted sample type at the VDLs. When more than
one sample type is submitted for testing and analyzed for IAV in
the same case, the specimen is labeled as “multiple” (e.g., when
oral fluids and nasal swabs are included in the same submission
case and tested for IAV).

4. When variable fields were not explicitly provided during the
submission process or captured in the LIMS system, they
were labeled as “Unknown.” Examples of variables where this
mapping occurred include site state, specimen, and age category
when information was unreported.

2.3 Data visualization

The collated VDL-anonymized aggregated data was stored
in the SDRS server database at the ISU College of Veterinary
Medicine. The data was permissioned and connected to a
commercially available data visualization tool, Microsoft Power BI
(Power Business Intelligence; Microsoft Corporation, Redmond,
WA), enabling the information to be displayed and visualized
in various settings with interactive charts and graphs. Power BI
has a built-in tool for creating web-embedded links that display
generated charts and graphs in online interactive dashboards with
predefined filters: result, site state of the specimen, specimen, age
category, year, and month.

2.4 Influenza A virus seasonality assessment

The seasonal pattern of IAV detection by RT-rtPCR was
statistically tested using the Average Seasonal Index (ASI), a widely
used measure in time series analysis that is particularly helpful
for examining irregular and long-period dynamic series. The
ASI measurement was adapted from an established methodology
(38) to identify the seasonal dynamics present in weekly TAV
detection. Its objective was to highlight seasonal patterns of IAV
and provide an average view of a time series’ behavior throughout
different periods of the year, allowing for the assessment of
IAV seasonality on a weekly basis. This study calculated ASI
by dividing each week by a 52 week moving average using the
forecast package (39). Subsequently, a moving average analysis
was performed over a 52-week period, a method for smoothing
time series and highlighting long-term patterns, using R Studio
software (37).

2.5 Influenza A virus RT-rtPCR detection
monitoring

The trends in IAV RNA detection were assessed using
historical data to predict and anticipate the proportion of positive
submissions over the next 52 weeks. This assessment aimed
to outline the bi-cyclic and complex pattern of IAV detection,
facilitating the identification of weeks with notable increases or
decreases in the detection rate.
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Initially, the TAV detection database results were organized
by weekly counts of positive submissions, negative submissions,
and total submissions tested. Then, the percentage of IAV-positive
submissions was calculated each week by dividing the number of
positive submissions tested for that week by the total number of
submissions for that week. A total of 260 weeks were used to train
and test the model, with the data divided into 80% for training. the
four previous years (208 observation weeks) and 20% for testing
and validation. A total of 208 observations from the four prior
years of data, consisting of 52 or 53 weeks each year, were used for
training, while 52.18 observations (weeks) were allocated for the
test data (40, 41).

Five distinct predictive models were employed to capture the
complex temporal dynamics of IAV detection, which exhibits
seasonality, to forecast the predicted weekly levels of IAV detection
for an upcoming year. The time series models included (1) a
Seasonal Autoregressive Integrated Moving Average (SARIMA)
(42), (2) a cyclic regression model (43), (3) a dynamic regression
model (44), (4) a neural network, a machine learning model
(45), and (5) the Prophet model, a Bayesian model (46). The
performance of each of these forecasting models was then analyzed
using the tsibble package (47) and fable package (48) in R Studio
software (37), using a formula for each model developed in a
previous methodology (49), which was briefly summarized.

Given the seasonal component of IAV in the swine population,
a Seasonal Autoregressive Integrated Moving Average (SARIMA)
was used to assess the non-seasonal part of the model (p, d, q)
and the seasonal part of the model (P, D, Q) (42). Considering the
TAV bi-cyclic pattern, a cyclic regression model was implemented
to fit linear models to time series data, incorporating trend, and
seasonality components. The TSLM approach was used to fit linear
models to the time series data, including trend, and seasonality
components. Fourier terms were employed to accommodate a long-
term dataset comprising weekly data (43). The dynamic regression
model forecasts time series data (50) using dynamic regression
while incorporating Fourier terms to predict weekly trends. The
Fourier terms (K = Ki, where i = 1 to 12) were used to capture
seasonal patterns over an extended period of weekly data, while
short-term time series dynamics were managed through ARIMA
error modeling. Thus, Fourier terms were tested from K =1 to K
= 12 in the training data to determine the K with the lowest Akaike
Information Criterion (AIC) (44). A neural network model can be
applied to time series data by building a non-linear autoregressive
model and is often employed to estimate non-linear mapping due
to its potential for learning the underlying non-linear relationships
between future outcomes and individual forecasts (51). The fifth
model employed was the Prophet model, applicable to time series
data that exhibit seasonality and multiple seasons of historical
data (46). In addition, by default, in the fable package, order 10
was used for annual seasonality, and order 3 was used for weekly
seasonality (44).

The model fit evaluated the autocorrelation of residuals using
the Ljung-Box test in five distinct predictive models (52). This test
assessed the null hypothesis that the residuals were not significantly
correlated, and the null hypothesis was rejected if the p-value
<0.05, indicating significant autocorrelation (53). Additionally, a
logarithmic transformation was applied to the time series data to
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address its non-stationarity by stabilizing the mean and variance,
which were observed to vary over time (54).

After conducting the forecasts, the performance of the models
was assessed using forecast accuracy measures, such as RMSE,
Mean Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE). These metrics were essential for evaluating forecasting
accuracy and providing insights into the models’ predictive
capabilities (55). RMSE and MAE, being scale-dependent measures,
are commonly used to assess forecast errors. Moreover, MAPE,
a percentage error metric, facilitates the comparison of forecast
performances across different datasets (39).

A combination approach was also used to enhance the
robustness of the forecasting process. Following the previously
described combination methodology (49), a combined model was
structured by selecting the two models that exhibited superior
performance after model fitting and forecasting. These were
characterized by lower RMSE, MAE, and MAPE on the testing
data. In the model selection process, smaller values indicate
better accuracy, and the optimal forecasting model was chosen
by comparing the outcomes of the analyses to identify the model
with the lowest RMSE, MAE, and MAPE (56). Finally, a skill score
evaluates model performance by assessing forecast accuracy relative
to a benchmark, enabling comparisons across different methods
(57), and a higher skill score indicates better model performance
(57). The forecast combination reduces the risk of over-reliance
on any single model, thereby improving the overall reliability of
the forecast and preventing a single model from overfitting the
training data. Additionally, the data from the combined model was
visualized using the ggplot2 package in (58) R Studio to describe the
forecast in terms of weekly TAV percentual positive submissions.
Prospective IAV RT-rtPCR detection was compared with predicted
values to assess deviations from a 95% prediction interval of
the predicted baseline values and to monitor inconsistencies with
historically expected levels.

3 Results

The TAV datasets were collated from the six participant
VDLs and effectively structured, connected, and displayed in a
dashboard. In addition, the data was organized in an anonymized
format, and the generated dashboards for IAV RT-rtPCR detection
and Influenza A virus subtyping are openly available on the
SDRS project website https://www.fieldepi.org/SDRS, at the SDRS
Dashboard, under the PCR Dashboard for all analytes, selecting
IAV, and under the Influenza A virus subtyping dashboard,
selecting TAV subtyping.

3.1 1AV RT-rtPCR results

The number of IAV submissions increased from 5,622
cases in 2004 to 28,256 cases in 2024 (Figure 1), with the
average number of submissions per month increasing from 469
cases in 2004 to 2,355 cases in 2024. Of the 372,659 total
submissions tested, 31% of submissions (113,952) contained at
least one RT-rtPCR-positive sample for JAV RNA. The number
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FIGURE 2

Average Seasonal Index for Influenza A virus from 2004 to 2024. The winter season is approximately represented by the bars between weeks 48 to 52
and 1to 9, the spring season from weeks 10 to 22, the summer from 23 to 35, and the fall from 36 to 47.

of positive submissions increased over time, with the annual
average positivity rate rising from 19% (1,067 of 5,622) in 2004
to 29% (8,262 of 28,256) in 2024. The lowest positivity rate
was observed in the summer of 2004 at 13.61% (152 of 1,117),
while the highest was 39.73% (2,905 of 7,312) in the spring of
2021 (Figure 1).

The Average Seasonal Index was used to assess IAV seasonality
from 2004 to 2024 (Figure 2). Subsequently, a bi-seasonal pattern
of TAV detection emerged, showing increased detections during
spring (March-May) and fall (September-November) (Figure 2).

Out of a total of 372,659 cases received, seven specimens
represented 96.42% of the total: oral fluid 44.1% (164,510), lung
38.7% (144,061), nasal swab 6.2% (23,214), tissue homogenate
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1.5% (5,548), oropharyngeal swab 1.4% (5,271), nasal wipe
0.34% (1,251), and udder wipe 0.32% (1,175) (Figure 3). In
addition, multiple specimens comprised 3.8% (14,278) of the
submissions. Furthermore, less common specimens, such as oral
and bronchoalveolar lavage and tracheal swabs, were classified as
“other” at 3.58% (13,351).

The proportion of samples submitted for testing using only oral
fluid to detect IAV increased from 0.9% (60 of 6,742) in 2009 to
60.2% (17,025 of 28,256) in 2024. After 2013, oral fluid became
the most frequently used specimen for IAV RT-rtPCR testing
(Figure 3). The proportion of nasal swabs fluctuated between 4%
and 6% from 2007 to 2024, with peaks observed in 2010 (9%) and
2013 (10%). A slight decline from 6% to 5% was observed between
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Number of lung samples (triangle red line) and oral fluid (circle yellow line) submissions tested for IAV by RT-rtPCR from 2009 to 2024. Each year is

2013 and 2017, followed by a more stable trend from 2017 to 2024
(Figure 3).

There was a decrease in the proportion of lung submissions
from 92% (9,158 of 9,967) in 2006 to 24% (6,748 of 28,256) in
2024 (Figure 3). Nevertheless, the number of lungs remained steady
from 2012 to 2024, averaging 7,240 cases per year over the last
13 years (Figure 4). A peak in lung submissions can consistently
be detected during the winter months (Figure 4). The number
of oral fluid submissions surpassed lung tissue submissions in
2013, suggesting increased surveillance over time within the swine
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population. Additionally, the tissue-lung specimen submissions
showed consistent peaks in the fall season, from September
to November, indicating that this specimen better reflects fall
seasonality than other specimens (Figure 4).

Of the 372,659 submissions tested, the wean-to-market age
category accounted for 43% (159,200), while the adult/sow farm
represented 15% (54,118), and unknown age accounted for 43%
(159,310). Over time, the proportion of submissions in the wean-
to-market category has increased each year, rising from 39% (2,190
out of 5,622) in 2004 to 47% (13,240 out of 28,256) in 2024.
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Similarly, adult/sow farm submissions have increased their share,
growing from 5% (339 out of 6,932) in 2004 to 21% (5,895 out of
28,256) in 2024. These changes suggest that while wean-to-market
submissions have consistently represented the largest reported age
category, adult/sow farm submissions have shown the highest
proportional increase over this period, according to the participant
VDLs database.

The increase in submissions across both age categories also
revealed notable differences in IAV detection patterns. Submissions
from wean-to-market samples displayed a higher positivity rate
(34.4%) than those from the adult/sow farm age category (26.9%),
showing a significant (P < 0.001) statistical difference at the
0.05 level. Additionally, a bi-seasonal trend in detection, based
on TAV peaks, typically occurred twice during the calendar year,
with most observations in the spring and fall (Figure 5). Between
September and October, the divergence in positivity rates for
wean-to-market and adult/sow farms reached its peak, with an
average difference of 12%, rising from 22% for sow farms to
34% for wean-to-market. Moreover, an earlier increase in AV
detection was noted in samples collected from wean-to-market
approximately a month before the rise in detection in samples from
adult/sow farms.

3.2 1AV subtypes RT-rtPCR results

A total of 139,036 samples were tested for IAV subtypes, with
the number increasing over time from 749 samples in 2004 to 7,456
in 2023 and then 5,586 in 2024, indicating a decrease in samples
submitted. In 14.78% (20,546 of 139,036) of cases, no targeted [AV
HA or NA subtypes were detected by RT-rtPCR. From 2004 to
2024, 85.22% (118,490 of 139,036) of samples tested revealed at
least one IAV HA or NA-targeted subtype. The number of IAV
samples subtyped rose from 685 cases in 2004 to 5,033 in 2024, with
the average number of cases tested increasing from 57 per month
in 2004 to 419 per month in 2024 (Figure 6). The HIN1 subtype
was the most frequently detected, accounting for 33.13% (39,252 of
118,490), followed by H3N2 at 25.48% (30,186 of 118,490), HIN2
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at 24.32% (28,822 of 118,490), and H3N1 at 0.2% (241 of 118,490).
Partial subtype detection occurred in 11.2% (13,601 of 118,490) of
the samples tested.

From 2004 to 2009, HIN1 was a frequently detected IAV
subtype, with an average detection rate of 47% during this
period. After 2009, HIN1 detection decreased, while HIN2 and
H3N2 became more prominent in recent years. The increase in
HIN2 and the consistent presence of mixed subtypes suggest
evolving influenza dynamics in swine populations. This dynamic of
detection was also reflected in specimens; however, in lung samples
(Figure 7A), the HINI1 subtype remained the most frequently
detected, with stable detection over time. HIN2 and H3N2 became
more frequently detected in the lungs in 2010 than in previous
years. Mixed subtypes had lower but relatively consistent detection
rates, while partial subtypes varied minimally from 2012 to 2017.

Mixed subtyping detection was observed in 5.4% (6,388 out
of 118,490) of the samples tested. These detections were most
common in oral fluid, accounting for 61.1% (3,906 of 6,388),
followed by lung samples at 25% (1,599 of 6,388). Other detection
sites included nasal swabs at 6% (378 of 6,388), bronchoalveolar
lavage at 0.8% (48 of 6,388), nasal wipes at 0.6% (38 of 6,388), udder
wipes at 0.5% (32 of 6,388), bronchial swabs at 0.4% (23 of 6,388),
and oropharyngeal swabs at 0.1% (9 of 6,388). Supplementary
specimens with fewer submissions, such as environmental samples
and tracheal swabs, were grouped as “other” at 5.6% (355 of
6,388). Notably, mixed subtype detections were found in 38.4%
(2,450 of 6,388) of individual sample types, including lung,
nasal swab, and bronchoalveolar lavage (Table 1). These results
underscore a notable prevalence of mixed subtype infections within
individual specimens, with combinations HIH3N1N2, HIH3N2,
and HININ2 being the most frequent across various sample types
(Table 1).

When excluding lung samples and retaining the remaining
specimens in the analysis (Figure 7B), a sharp increase in overall
IAV subtype detection was observed after 2010, likely driven mainly
by increased oral fluid testing. There was a dynamic detection
scenario, with HIN1, HIN2, and H3N2 being interchangeably
detected over time. Mixed subtypes in non-lung tissues declined
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and partial subtypes (purple diamonds).
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after 2012, and partial subtypes exhibited a marked rise from 2019
to 2021, suggesting an issue with the IAV RT-rtPCR subtype test
based on increasing genetic diversity and a subtyping PCR that no
longer detected all of the subtypes in circulation (Figure 7B).

3.3 1AV RT-PCR detection forecasting and
monitoring

Five models were fitted to forecast expected levels of IAV
detection by RT-rtPCR for 2024, using the previous 4 years (i.e.,
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2020 to 2023) as a baseline, following an 80:20 split of training
data to testing data. After fitting the models, two models, SARIMA
and neural network models, showed no significant autocorrelation
(P-value > 0.05) in their residuals, while the dynamic regression
model exhibited weak autocorrelation (see Table 2). The dynamic
regression model and neural network model, which had the lowest
RMSE among models without or with weak correlation, were
combined into a single model. For 2023, this combined model
demonstrated superior performance, achieving the lowest RMSE
and enhancing the overall skill score, where a higher skill score
indicates better model performance. For 2024, the combined model
had an RMSE of 4.76 and a skill score of 0.18, reflecting improved
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TABLE 1 Proportion and number of mixed IAV subtypes detected in samples.
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Mixed Percentage %, number of samples (n)
subtypes
Oral fluids Lung Nasal  Bronchoalveolar INERE]N Udder Bronchial Oropharyngeal

samples swab lavage wipes wipes swab swab

HI1H3N1 3.6 (139) 6.3 (100) 3.7(14) 8.3(4) - 3.1(1) - 11.1(1)

HIH3N2 22.5(878) 24.6 (393) 29.1(110) 27.1(13) 68.4 (26) 15.6 (5) 39.1(9) 44.4 (4)

HININ2 33.2(1,295) 39.0 (623) 36.0 (136) 354 (17) 18.4(7) 469 (15) 30.4 (7) 222(2)

H3NIN2 2.5 (106) 1.6 (25) 29(11) - 53(2) 12.5 (4) 4.43 (1) 11.1 (1)

HIH3NIN2 38.1 (1,488) 28.6 (458) 28.3 (107) 29.2 (14) 7.9 (3) 21.9(7) 26.1 (6) 111 (1)

Total 100 (3,906) 100 (1,599) 100 (378) 100 (48) 100 (38) 100 (32) 100 (23) 100 (9)

forecasting accuracy compared to the other models. However, the
higher skill score from the combined model did not signify better
performance than the individual models when forecasting for 2024,
suggesting that the individual models could also have been utilized
in 2024.

The generated combination model, which includes dynamic
regression and neural network models, provided the predicted
weekly IAV detection by RT-rtPCR values for 2024. The predicted
2024 weekly RT-rtPCR detection and its 95% prediction interval
closely aligned with the observed data, with most data points falling
within the 95% prediction interval (Figure 8A). For 2024, some
deviations above the 95% prediction interval were observed in the
wean-to-market category in week 12, with a 48% IAV positivity,
and in week 13, with a positivity increase of 50% (Figure 8B).
In 2023, occasional deviations above the 95% prediction interval
were observed in the wean-to-market category in week 4, with a
46% TAV positivity, and in week 25, when positivity increased to
53%. The average positivity for the wean-to-market category in
2023 was 36.2%. Additionally, there was an increase of 14% (from
39% to 54%) in the proportion of lung sample submissions from
week 3 to week 4 and an increase of 12% (from 32% to 44%)
from week 24 to week 25, indicating higher IAV detection and
more tissue diagnosis submissions, which potentially represented
more animals affected during these weeks. Furthermore, deviations
below the 95% prediction interval were observed, particularly in
the adult/sow farm category, with IAV positivity of 16.9% in week
16, 15.4% in week 27, and 11.6% and 10.6% in weeks 34 and
37, respectively. The average positivity for the adult/sow farm
category in 2023 was 23.9%, highlighting examples where the
model was less effective at capturing unexpected declines in positive
cases. Additionally, in 2022, there was an increase above the 95%
prediction interval that started in October, from week 41 to week
45, aligned with an increase in the detection of IAV from both the
adult/sow farm and the wean-to-market category.

A prediction analysis and model performance from 2018 to
2024 are presented in Table 3. Dynamic regression consistently
showed lower RMSE and MAPE values in 2018, 2019, 2021, 2022,
and 2024. However, in 2023, the Prophet model outperformed
the others with the lowest RMSE and MAPE, while in 2020, the
Cyclic Regression model achieved the best results for these metrics.
Notably, the assumptions were met for the dynamic regression,
neural network, and SARIMA models, except for SARIMA in 2019
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and 2023. This indicates the changing complexity of forecasting
each year. Overall, only the dynamic regression and neural network
models did not consistently show autocorrelation of the residuals
from 2018 to 2023.

4 Discussion

This study described the macroepidemiological aspects of IAV
RNA detection through RT-rtPCR and its positivity distribution
by age category and specimen. It highlights the importance of
monitoring AV using a standardized method to enable timely
surveillance in the field. The primary aim was to present significant
macroepidemiological aspects of IAV detection via RT-rtPCR,
utilizing data from six NAHLN-accredited VDLs in the US,
representing 344,301 submissions from 2004 to 2024. The IAV
submission test and testing results from the participating VDLs in
this project continue to be reported, and the findings are publicly
available on the project website (SDRS, https://ficldepi.org/sdrs/).
The secondary aim was to assess the presence of seasonality in the
data and implement a weekly IAV monitoring system that analyzed
the SDRS historical database for IAV detection, forecasted the
expected results for the upcoming year, and provided predictions
for weekly expected TAV detection results for the following year.

The change in the proportion of specimens submitted for IAV
detection reflects evolving diagnostic preferences and potentially
improved field sampling methods (Figure 3). The increasing
proportion of oral fluid submissions—currently the predominant
specimen type—suggests a growing reliance on this less invasive
and more easily collected sample, which may enhance surveillance
efforts. A similar finding was observed in a previous study
(31), which reported increased use of oral fluids since 2011 for
PRRSV and enteric coronavirus testing, contributing to the rise in
submissions for herd monitoring purposes (32). Notably, after the
validation of oral fluid samples for PRRSV and PCV2 monitoring
and surveillance, the US swine industry increasingly adopted this
sample type (59). Additionally, oral fluid has been demonstrated as
a suitable sample for both PRRSV and IAV surveillance (60), and
its widespread adoption by swine veterinarians and producers is
largely attributed to its cost efficiency (61).

While lung tissue submissions have decreased proportionally
over time (Figure 3), their consistent annual use for IAV RT-rtPCR
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TABLE 2 Forecasting assessment: Ljung—Box test, RMSE, MAE, MAPE, and skill score.

Ljung—Box test  Ljung—Box test RMSE MAE MAPE RMSE MAE MAPE Skill score
2023 2024
Stat P-value Stat P-value 2023 2024 2023 2024
Dynamic 5.29 0.87 21.6 0.02 4.68 3.65 12.9 4.51 3.75 13.1 0.20 0.23
regression
Cyclic 123 <0.0001 84.3 <0.0001 4.59 3.69 13.1 4.41 3.47 11.8 0.21 0.24
Neural network 3.7 0.96 11.8 0.28 4.58 3.6 13 533 4.58 16.1 0.23 0.08
Prophet 91.6 <0.0001 77.4 <0.0001 3.64 2.67 9.03 4.57 3.46 8.74 0.37 0.21
SARIMA 18.9 0.04 8.13 0.61 5.82 4.67 14.9 7.21 6.29 242 0.003 0.23
Combination® - - - - 4.35 342 12.3 4.76 4.07 14.3 0.26 0.18
2Combination of the dynamic regression and neural network models.
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testing (Figure 4) indicates that lung samples remain a crucial
specimen type for specific clinical diagnostic purposes, as they have
long been the preferred sample for molecular testing via RT-rtPCR
assays (62). Lungs are typically submitted as reference samples from
pigs exhibiting clinical signs and are used to confirm IAV diagnosis
(63). In addition, individual pig samples, such as nasal swabs,
have historically served as the gold standard antemortem sample
for IAV diagnostics (27). However, individual animal sampling is
labor-intensive and incompatible with the demands of modern,
large-scale swine production systems (61). These samples limit
the selection of donor pigs and reduce the likelihood of virus
detection, as not all pigs may be at the same stage of infection. This
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limitation can result in the overinterpretation of disease presence
if samples are not taken from acutely affected, representative
animals. In contrast, population-based samples (e.g., oral fluids)
allow sampling from multiple animals and simultaneously increase
the likelihood of capturing pigs at the peak of virus shedding and
improve detection sensitivity (63).

A bi-seasonal pattern of IAV detection in swine samples
(Figure 2), with increased detection in the spring and fall, reflects
a distinct seasonal trend compared to other swine pathogens.
For example, previous studies have reported a single peak for
PRRSV and enteric coronavirus, with the highest detection typically
occurring during the colder months of the year (32, 36). One study
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TABLE 3 Forecasting model performance assessment from 2018 to 2024.
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identified that the wean-to-market age group exhibited higher
positivity rates than the adult/sow farm category, particularly
during seasonal peaks, suggesting that this group may serve as
a reservoir or amplifier for PRRSV transmission (64). Similarly,
higher TAV detection rates were observed in the wean-to-market
group, indicating that this age category may also serve as a
significant reservoir for IAV during peak periods. Moreover, a study
identified an association between the season of weaning and the
timing of placement into wean-to-market sites where IAV and
PRRSV were detected, showing an increased length of the growing
period, potentially due to the negative impact of these viruses on
health and growth performance during the growing phase (65). The
observed differences in positivity rates between these age categories,
particularly during the fall, suggest that surveillance efforts may
benefit from being tailored to specific production phases in order
to more effectively anticipate and mitigate outbreaks.

An increase in IAV submissions over time has been significantly
influenced by the high number of oral fluid specimens (Figure 4),
particularly from 2010 onward. The number of samples classified
as unknown has decreased over the years, indicating improvements
in the data capture process conducted by VDLs. Oral fluid samples
were initially described for PRSSV detection in 2008 (66), began
testing for IAV in participant VDLs in 2009, and surpassed lung
samples in 2013. Oral fluids are effective for monitoring IAV
detection in the swine population, requiring fewer specimens
compared to individual samples (67), and are routinely used for
surveillance, thereby effectively monitoring subclinical cases and
enabling early detection (61). The oral fluid sample serves as a
powerful tool for monitoring and surveillance. Collecting oral fluid
samples geospatially distributed across six pens of 60 pigs each in a
1,200-finishing barn allows for the detection of specific pathogens
at a prevalence lower than 1% (68).

Swine influenza contributes to chronic respiratory disease
problems and the presentation of Porcine Respiratory Disease
Complex, a syndrome resulting from co-infection with two or
more respiratory pathogens such as PRRSV (69). Surprisingly, lung
specimens showed a recurring pattern of increased submissions
during the fall season over time (Figure 4). Furthermore, this
consistent rise may suggest elevated clinical respiratory cases linked
to pig mortality in the fall, thereby favoring the submission of lung
samples, which are postmortem specimens useful for diagnosing
clinical disease in conjunction with any present histopathological
lesions. Additionally, a study in Ontario indicated that the fall
months significantly impact the increasing number of weekly and
monthly diagnostic and positive submissions for IAV infections
within Ontario swine populations (70).

Submissions from the wean-to-market age category showed a
higher positivity rate (34%) compared to those from the adult/sow
farm category (26%). This higher rate in the wean-to-market phase
may be attributed to factors such as high pig density, larger herd
sizes, and the use of multiple sources in the nursery and grow-finish
operations (71). A previous study reported recurrent increases in
PRRSV detection in the wean-to-market group prior to increased
detection in the adult/sow category, with increased PRRSV activity
typically occurring in the second half of the year (36). Another
recent study highlighted pig density as a key factor for mapping
PRRSV risk in swine-dense areas of the US Midwest (72). Similarly,
data from the current study show an increase in IAV detection in
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wean-to-market samples approximately 1 month before a rise in
detection from breeding herd submissions (36).

In the context of the integrated and dynamic North American
swine industry, millions of pigs are transported across regions
within the US, potentially introducing and transmitting new
pathogens to swine populations (63). Understanding the movement
and spread of IAV across different geographical regions and
between countries is crucial (73). In addition, a study showed that
pigs were frequently transported to harvest facilities in vehicles
that had not yet been cleaned or disinfected between loads
and that transport vehicles were often shared by different pig
owners—conditions that facilitate the spread of disease across
large regions (74). Moreover, modern swine production systems
often require pigs to be transported over long distances between
multiple locations, each specialized in different growth stages. This
movement further increases the risk of further spreading IAV
among swine populations (73). This pattern of pig movements
within the US highlights the complexity of swine management and
represents a potential route for the long-distance spread of IAV
within the US (75).

These findings highlight the critical importance of reinforcing
farm-level biosecurity practices by producers and veterinarians
to reduce the spread of respiratory diseases such as IAV (64).
This dynamic scenario also underscores the need to improve
surveillance and monitoring systems to effectively manage and
mitigate AV transmission.

The HIN1 subtype was the most frequently detected between
2010 and 2021 (Figure 6), followed by HIN2 and H3N2 as the
second and third most commonly detected subtypes, respectively.
Interestingly, partial detection of H1, H3, N1, and N2 subtypes
ranged from 18% to 20% between 2006 and 2010, with a notable
increase from 10% in 2011 to 21.0% in 2021 (Figure 6). These
variations in partial subtype detection may be impacted by the lack
of ability to determine the full virus subtype in some samples, the
presence of low viral loads below the detection threshold of the
assays (76), and the high reassortment rate and ongoing evolution
of IAV (77, 78).

In addition, the increase in oral fluid submissions (Figure 4)
may also have been an important factor contributing to these
partial detections, considering that IAV subtyping RT-rtPCR is
less sensitive when targeting the genetically variable HA and NA
genes compared to the screening RT-rtPCR assay, which targets
more conserved regions of the genome. The increase in partial
subtype detection may indicate a need to readjust and update
the primers and probes used for IAV subtyping by RT-rtPCR
to ensure the inclusion of contemporary virus strains that have
evolved since the PCR was developed. Monitoring circulating
IAV subtypes is both necessary and essential for epidemiological
surveillance, supporting veterinarians in establishing prevention
and treatment measures on affected farms, and guiding vaccine
development (79). Furthermore, mixed subtype detections in lung
samples indicate co-infection with multiple IAVs within individual
animals, suggesting the presence of multiple IAV subtypes in a
single lung sample, and highlighting the importance of addressing
TAV infections as a multi-strain dynamic.

Detection of mixed subtypes further highlights the complexity
of TAV epidemiology, as co-detections and potential viral
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reassortments are becoming increasingly frequent (Figure 6). Thus,
several factors may contribute to the mixed detection of IAV
subtypes in swine by PCR, including true co-infection, primer
mismatches, and the co-circulation of different viral lineages
(80, 81). A recent study showed that not all samples with
a cycle threshold (Ct value) below 30 could be successfully
subtyped, a limitation potentially attributable to specimen quality
or the design of the primers used in the subtype multiplex RT-
rtPCR assay (30). In this study, 24.6% of mixed IAV subtype
detections were identified in lung samples, indicating that a
single pig can be simultaneously infected with two identified IAV
viruses—an occurrence less commonly expected in population-
based sample types.

The relatively frequent detection of HIN1, HIN2, and H3N2
subtypes in lung samples (Figure 7A) contrasts with the more
variable detection patterns in non-lung samples (Figure 7B), where
H3N2 has shown increased detection since 2020. The rise in mixed
and partial subtypes in non-lung samples post-2019 may be related
to the increased use of oral fluids, indicating co-detections from
sampling performed on a group of animals. Moreover, the number
of samples tested annually has increased, particularly after 2012,
suggesting enhanced surveillance efforts.

Combining multiple forecasts derived from various forecasting
methods is often more effective than relying on a single forecast, as
it incorporates multiple drivers of the data-generating process and
mitigates uncertainties associated with model form and parameter
specification (51). Moreover, integrating diverse forecasting models
enhances overall robustness (82). The combined forecasting
model, which incorporates dynamic regression and neural network
approaches, demonstrated superior performance in predicting
IAV positivity trends for 2023. The improvement in RMSE and
skill score indicates that combining different forecasting methods
can enhance the accuracy of IAV surveillance models, with
combination models achieving higher skill scores compared to
individual models when capturing seasonal patterns and deviations
for 2023. A deviation in week 25 of 2023 occurred during late
spring and may relate to environmental factors such as temperature
shifts, manure pumping, poor air quality within barns, and co-
infections, prompting veterinarians to submit samples to diagnostic
laboratories for TAV detection (18). Additionally, there was a
12% increase in the proportion of lung submissions (from 32%
to 44%) from week 24 to week 25 of 2023, indicating increased
TAV detection and more tissue diagnosis submissions, potentially
representing a higher number of affected animals during these
weeks. Moreover, in 2022, there was an increase above the predicted
level in October for both the adult/sow farm category and wean-to-
market, suggesting IAV activity coinciding with seasonal changes
and manure pumping in many regions. Although not included in
the scope of this study, it is important to note that the presence
of other respiratory pathogens, such as PRRSV, Mycoplasma
hyopneumoniae, and Pasteurella species, can also influence the
severity of influenza cases in swine during this period, as PRRSV
and these endemic bacteria may also exhibit increased activity in
the fall.

This study has some limitations that need to be addressed.
First, this is aggregated data from submissions with multiple
purposes, including clinical samples and surveillance testing for
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IAV. Thus, because samples were submitted for various purposes,
inferences drawn from aggregated results about prevalence,
incidence, diagnostic sensitivity, and specificity cannot be made
with statistical confidence. The shared data do not provide site-
specific identification, resulting in an inability to track recurring
sampling or determine how long IAV has been detected at a
given site. Additionally, when using VDL data, it is essential to
recognize that the test results are based on samples submitted
specifically for diagnostic purposes and, therefore, do not represent
the TAV prevalence or incidence. IAV subtype data is based
on predefined sets of primers and probes, which may limit
broader conclusions regarding IAV genetic diversity that could be
captured by sequencing techniques like Sanger and next-generation
sequencing. Nevertheless, there may be subpopulations of pigs in
the US utilizing other VDLs for IAV testing that are not included in
this work, potentially creating regions or subpopulations in the US
that may be underrepresented in this study.

5 Conclusion

This study describes the macroepidemiological aspects of IAV
RNA detection and its distribution according to age category,
specimen, and seasonal detection trends from the six major VDLs
in the US participating in SDRS from 2004 to 2024. It also describes
the TAV subtype diversity over time, with frequent detections of
IAV mixed subtypes in lung tissues, suggesting co-infection of
individuals with multiple IAV subtypes. In addition, this study
highlights the importance of the wean-to-market age category for
TAV detection dynamics, with higher positivity rates compared
to the adult/sow farm category. Overall, oral fluid and nasal
swabs were the most frequent antemortem samples submitted for
diagnostics, while lung tissue was the predominant postmortem
sample, highlighting their importance in IAV detection and
surveillance. In summary, data from this study suggest that IAV
has a biseasonal pattern of detection from swine samples, and
subtyping detection dynamics are constantly occurring over time.
This study outlines the importance of monitoring the influenza
virus and its subtypes in a standardized way, thus enabling timely
surveillance and more effective decision-making based on the
macroepidemiological information provided by this project in
the US.

Data availability statement
The original contributions presented in the study are included

in the article/supplementary material, further inquiries can be
directed to the corresponding author.

Author contributions

DMo: Methodology,
Visualization, Writing - original draft, Writing — review & editing.

Formal analysis, Investigation,
GC: Data curation, Formal analysis, Writing - original draft,
Writing - review & editing, Funding acquisition, Investigation,

Project administration. EM: Writing - original draft, Writing -

Frontiers in Veterinary Science

10.3389/fvets.2025.1572237

review & editing. RN: Formal analysis, Writing — original draft,
Writing - review & editing. KR: Data curation, Writing - original
draft, Writing - review & editing, Resources, Software. SCh:
Writing - original draft, Writing - review & editing, Software.
GS: Formal analysis, Writing — original draft, Writing - review
& editing, Methodology. MA: Writing — original draft, Writing —
review & editing. BC: Writing — original draft, Writing — review
& editing, Resources, Software. EB: Writing — original draft,
Writing - review & editing, Investigation. PG: Writing — original
draft, Writing - review & editing, Investigation, Methodology.
DMa: Writing - original draft, Writing - review & editing,
Investigation. JT: Writing - original draft, Writing - review &
editing, Investigation. MZ: Writing - original draft, Writing —
review & editing, Investigation. RM: Funding acquisition, Writing
- original draft, Writing - review & editing. MT: Writing -
original draft, Writing - review & editing, Resources, Software. PL:
Writing - original draft, Writing - review & editing, Resources,
Software. CC: Writing - original draft, Writing — review & editing,
Investigation. MS: Writing — original draft, Writing - review &
editing, Investigation. HN: Funding acquisition, Writing — original
draft, Writing - review & editing, Resources. RM: Writing —
original draft, Writing - review & editing, Resources, Software.
FM: Funding acquisition, Writing - original draft, Writing -
review & editing, Investigation. JR: Writing - original draft,
Writing - review & editing, Investigation. JG: Writing - original
draft, Writing - review & editing, Investigation. SM: Writing
- original draft, Writing - review & editing, Investigation. JG:
Writing - original draft, Writing — review & editing, Resources,
Software. DK: Writing — original draft, Writing - review & editing,
Resources, Software. TC: Writing - original draft, Writing -
review & editing, Investigation. AP: Funding acquisition, Writing
— original draft, Writing - review & editing, Resources. JC-H:
Writing - original draft, Writing - review & editing, Funding
acquisition, Investigation. BT: Writing — original draft, Writing —
review & editing, Investigation. MP: Funding acquisition, Writing
- original draft, Writing - review & editing, Resources. DS:
Writing - original draft, Writing — review & editing, Resources.
CB: Funding acquisition, Writing - original draft, Writing - review
& editing, Resources. JB: Writing — original draft, Writing - review
& editing, Resources, Software. KH: Writing - original draft,
Writing - review & editing, Investigation. JL: Writing — original
draft, Writing - review & editing, Software. KW: Writing — original
draft, Writing - review & editing, Investigation. AA: Writing
— original draft, Writing - review & editing, Investigation. MS:
Writing - original draft, Writing — review & editing, Investigation,
Validation. PY: Writing - original draft, Writing - review &
editing, Investigation, Validation. DMu: Writing - original
draft, Writing - review & editing, Investigation, Validation. BM:
Writing - original draft, Writing - review & editing, Investigation,
Validation. PS: Writing — original draft, Writing - review & editing,
Investigation, Validation. SCo: Writing - original draft, Writing —
review & editing, Investigation, Validation. LD: Writing - original
draft, Writing - review & editing, Investigation, Validation. DB:
Writing - original draft, Writing - review & editing, Investigation,
Validation. CF: Writing - original draft, Writing — review & editing,
Investigation, Validation. WH: Writing — original draft, Writing —
review & editing, Investigation, Validation. RR: Writing - original

frontiersin.org


https://doi.org/10.3389/fvets.2025.1572237
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Moraes et al.

draft, Writing - review & editing, Investigation, Validation. TP:
Writing - original draft, Writing - review & editing, Investigation,
Validation. KK: Writing - original draft, Writing - review &
editing, Investigation, Validation. LG: Writing - original draft,
Writing - review & editing, Investigation, Validation. MN:
Writing - original draft, Writing - review & editing, Investigation,
Validation. DL: Conceptualization, Formal analysis, Funding
acquisition, Investigation, Methodology, Project administration,
Resources, Supervision, Validation, Visualization, Writing -
original draft, Writing - review & editing. GT: Conceptualization,
Data curation, Formal analysis, Funding acquisition, Investigation,
Methodology, Project administration, Resources, Supervision,
Validation, Visualization, Writing - original draft, Writing -
review & editing, Software.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This project was mainly
supported by the Swine Health Information Center (SHIC) under
grants # 21-120, 22-002, and 23-072. Funder web page https://www.
swinehealth.org/. The funder had no role in study design, data
collection, and publication decisions.

Acknowledgments

The authors of this manuscript acknowledge the clients of VDL
for submitting samples for diagnostic testing. We also acknowledge
past and current members of the SDRS advisory group for their
insights into the field perspective of the analysis and for their
volunteered time.

References
1. Salvesen HA, Whitelaw CBA. Current and prospective  control
strategies of influenza A virus in swine. Porcine Health Manag (2021)

7:1-17. doi: 10.1186/s40813-021-00196-0

2. Goneau L, Mehta K, Wong J. LHuillier A, Gubbay J. Zoonotic influenza and
human health—part 1: virology and epidemiology of zoonotic influenzas. Curr Infect
Dis Rep. (2018) 20:1-12. doi: 10.1007/s11908-018-0642-9

3. Anderson TK, Chang J, Arendsee ZW, Venkatesh D, Souza CK, Kimble JB, et al.
Swine influenza A viruses and the tangled relationship with humans. Cold Spring Harb
Perspect Med. (2021) 11:a038737. doi: 10.1101/cshperspect.a038737

4. Rajao DS, Vincent AL, Perez DR. Adaptation of human influenza viruses to swine.
Front Vet Sci. (2019) 5:347. doi: 10.3389/fvets.2018.00347

5. Zeller MA, Carnevale de Almeida Moraes D, Ciacci Zanella G, Souza CK,
Anderson TK, Baker AL, et al. Reverse zoonosis of the 2022-2023 human
seasonal H3N2 detected in swine. npj Viruses. (2024) 2:27. doi: 10.1038/544298-024-
00042-4

6. Rajao DS, Anderson TK, Kitikoon P, Stratton J, Lewis NS, Vincent AL.
Antigenic and genetic evolution of contemporary swine H1 influenza viruses
in the United States. Virology. (2018) 518:45-54. doi: 10.1016/j.virol.2018.
02.006

7. Pappaioanou M, Gramer M. Lessons from pandemic HINI1 2009 to improve
prevention, detection, and response to influenza pandemics from a One Health
perspective. ILAR J. (2010) 51:268-80. doi: 10.1093/ilar.51.3.268

8. Burrough ER, Magstadt DR, Petersen B, Timmermans SJ, Gauger PC, Zhang J,
et al. Highly pathogenic avian influenza A (H5N1) clade 2.3. 4.4 b virus infection
in domestic dairy cattle and cats, United States, 2024. Emerg Infect Dis. (2024)
30:1335. doi: 10.3201/eid3007.240508

Frontiersin Veterinary Science

10.3389/fvets.2025.1572237

Conflict of interest

MN serves on the SDRS Advisory Board and as Associate
Director of the Swine Health Information Center which has
provided funding to this project under competitive grants evaluated
by a panel of reviewers. MS was employed by Schwartz Farms Inc.
PS was employed by Innovative Agriculture Solutions, LLC. CF was
employed by The Maschhoffs LLC. WH was employed by Carthage
Veterinary Service LTD. RR was employed by Pig Improvement
Company. KK was employed by The Hanor Company. DB was
employed by Smithfield Foods. DM was employed by New Fashion
Pork. BM was employed by Country View Family Farms. SC was
employed by Prestage Farms.

The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen AI was used in the creation
of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

9. Baker AL, Arruda B, Palmer MV, Boggiatto P, Sarlo Davila K, Buckley A, et al.
Experimental reproduction of viral replication and disease in dairy calves and lactating
cows inoculated with highly pathogenic avian influenza H5N1 clade 2.3.4.4b. bioRxiv.
(2024) 12.603337. doi: 10.1101/2024.07.12.603337

10. Arruda B, Baker ALV, Buckley A, Anderson TK, Torchetti M, Bergeson NH,
et al. Divergent pathogenesis and transmission of highly pathogenic avian influenza
a (H5N1) in swine. Emerg Infect Dis. (2024) 30:738. doi: 10.3201/eid3004.231141

11. Harlow M, Torremorell M, Rademacher CJ], Gebhardt J, Holck T,
Linhares LC, et al. Biosecurity insights from the United States swine health
improvement plan: analyzing data to enhance industry practices. Animals. (2024)
14:1134. doi: 10.3390/ani14071134

12. USDA APHIS. Federal and state veterinary agencies share update on HPAI
detections in oregon backyard farm, including first H5N1 detections in swine. (2024).
Available online at:  https://www.aphis.usda.gov/news/agency-announcements/
federal- state-veterinary-agencies- share-update-hpai- detections-oregon  (accessed
November 20, 2024).

13. Anderson TK, Nelson MI, Kitikoon P, Swenson SL, Korslund JA, Vincent
AL. Population dynamics of cocirculating swine influenza A viruses in the U
nited S tates from 2009 to 2012. Influenza Other Respir Viruses. (2013) 7:42-
51. doi: 10.1111/irv.12193

14. Vincent A, Awada L, Brown I, Chen H, Claes F, Dauphin G, et al. Review of

influenza A virus in swine worldwide: a call for increased surveillance and research.
Zoonoses Public Health. (2014) 61:4-17. doi: 10.1111/zph.12049

15. Ma W, Vincent AL, Gramer MR, Brockwell CB, Lager KM, Janke BH, et al.
Identification of H2N3 influenza A viruses from swine in the United States. Proc Nat
Acad Sci. (2007) 104:20949-54. doi: 10.1073/pnas.0710286104

frontiersin.org


https://doi.org/10.3389/fvets.2025.1572237
https://www.swinehealth.org/
https://www.swinehealth.org/
https://doi.org/10.1186/s40813-021-00196-0
https://doi.org/10.1007/s11908-018-0642-9
https://doi.org/10.1101/cshperspect.a038737
https://doi.org/10.3389/fvets.2018.00347
https://doi.org/10.1038/s44298-024-00042-4
https://doi.org/10.1016/j.virol.2018.02.006
https://doi.org/10.1093/ilar.51.3.268
https://doi.org/10.3201/eid3007.240508
https://doi.org/10.1101/2024.07.12.603337
https://doi.org/10.3201/eid3004.231141
https://doi.org/10.3390/ani14071134
https://www.aphis.usda.gov/news/agency-announcements/federal-state-veterinary-agencies-share-update-hpai-detections-oregon
https://www.aphis.usda.gov/news/agency-announcements/federal-state-veterinary-agencies-share-update-hpai-detections-oregon
https://doi.org/10.1111/irv.12193
https://doi.org/10.1111/zph.12049
https://doi.org/10.1073/pnas.0710286104
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Moraes et al.

16. Karasin Al, Brown IH, Carman S, Olsen CW. Isolation and characterization of
H4NG6 avian influenza viruses from pigs with pneumonia in Canada. J Virol. (2000)
74:9322-7. doi: 10.1128/JV1.74.19.9322-9327.2000

17. Van Reeth K, Vincent AL. Influenza viruses. In: Zimmerman JJ, Karriker LA,
Ramirez A, Schwartz KJ, Stevenson GW, Zhang J, editors. Diseases of Swine. New Jersey,
NJ: Wiley-Blackwell (2019). p. 576-93.

18. Corzo CA, Culhane M, Juleen K, Stigger-Rosser E, Ducatez ME, Webby R, et al.
Active surveillance for influenza A virus among swine, midwestern United States,
2009-2011. Emerg Infect Dis. (2013) 19:954. doi: 10.3201/eid1906.121637

19. Lewis NS, Russell CA, Langat P, Anderson TK, Berger K, Bielejec F
et al. The global antigenic diversity of swine influenza A viruses. Elife. (2016)
5:¢12217. doi: 10.7554/eLife.12217

20. Trevisan G, Schwartz KJ, Burrough ER, Arruda B, Derscheid R], Rahe MC,
et al. Visualization and application of disease diagnosis codes for population health
management using porcine diseases as a model. J Vet Diagn Invest. (2021) 33:428-
38. doi: 10.1177/1040638721995782

21. Agriculture USDA. Influenza A virus in swine surveillance. Fiscal Year 2024
Quarterly Report. (2024). Available online at: https://www.aphis.usda.gov/sites/default/
files/fy2024q1swinereport.pdf

22. Zeller MA, Anderson TK, Walia RW, Vincent AL, Gauger PC. ISU FLUture:
a veterinary diagnostic laboratory web-based platform to monitor the temporal
genetic patterns of Influenza A virus in swine. BMC Bioinform. (2018) 19:1-
10. doi: 10.1186/s12859-018-2408-7

23. Von Dobschuetz S, De Nardi M, Harris K, Munoz O, Breed A, Wieland B,
et al. Influenza surveillance in animals: what is our capacity to detect emerging
influenza viruses with zoonotic potential? Epidemiol Infect. (2015) 143:2187-
204. doi: 10.1017/S0950268814002106

24. Muzykina L, Barrado-Gil L, Gonzalez-Bulnes A, Crespo-Piazuelo D, Cerén
JJ, Alonso C, et al. Overview of modern commercial kits for laboratory
diagnosis of African swine fever and swine influenza A viruses. Viruses. (2024)
16:505. doi: 10.3390/v16040505

25. Zhang J, Harmon KM. RNA extraction from swine samples and detection of
influenza A virus in swine by real-time RT-PCR. Methods Mol Biol. (2014) 1161:277-
93. doi: 10.1007/978-1-4939-0758-8_23

26. Goodell CK, Prickett ], Kittawornrat A, Zhou F, Rauh R, Nelson W, et al.
Probability of detecting influenza A virus subtypes HIN1 and H3N2 in individual
pig nasal swabs and pen-based oral fluid specimens over time. Vet Microbiol. (2013)
166:450-60. doi: 10.1016/j.vetmic.2013.06.029

27. Nolting JM, Szablewski CM, Edwards JL, Nelson SW, Bowman AS. Nasal
wipes for influenza A virus detection and isolation from swine. J Vis Exp. (2015)
4:¢53313. doi: 10.3791/53313

28. Garrido-Mantilla ], Alvarez ], Culhane M, Nirmala ], Cano JP,
Torremorell M. Comparison of individual, group and environmental sampling
strategies to conduct influenza surveillance in pigs. BMC Vet Res. (2019)
15:1-10. doi: 10.1186/s12917-019-1805-0

29. de Lara AC, Garrido-Mantilla J, Lopez-Moreno G, Yang M, Barcellos
DE, Torremorell M. Effect of pooling udder skin wipes on the detection of
influenza A virus in preweaning pigs. J Vet Diagn Invest. (2022) 34:133-
5. doi: 10.1177/10406387211039462

30. Lillie-Jaschniski K, Lisgara M, Pileri E, Jardin A, Velazquez E, Kochling M, et al.
A new sampling approach for the detection of swine influenza A virus on European
sow farms. Vet Sci. (2022) 9:338. doi: 10.3390/vetsci9070338

31. Trevisan G, Linhares LC, Crim B, Dubey P, Schwartz K], Burrough
ER, et al. Macroepidemiological aspects of porcine reproductive and
respiratory syndrome virus detection by major United States veterinary
diagnostic laboratories over time, age group, and specimen. PLoS ONE. (2019)
14:€0223544. doi: 10.1371/journal.pone.0223544

32. Trevisan G, Linhares LC, Schwartz KJ, Burrough ER. Magalhaes EdS, Crim
B, et al. Data standardization implementation and applications within and among
diagnostic laboratories: integrating and monitoring enteric coronaviruses. ] Vet Diagn
Invest. (2021) 33:457-68. doi: 10.1177/10406387211002163

33. Cezar G, Magalhdes E, Rupasinghe K, Chandra S, Silva G, Almeida M,
et al. Using diagnostic data from veterinary diagnostic laboratories to unravel
macroepidemiological aspects of porcine circoviruses 2 and 3 in the United States
from 2002-2023. PLoS ONE. (2024) 19:¢0311807. doi: 10.31274/cc-20240624-
1557

34. Microsoft. The history of C#. (2024). Available online at: https://learn.microsoft.
com/en-us/dotnet/csharp/whats-new/csharp-version-history (accessed August 10,
2024).

35. Microsoft. What's new in .NET 6. (2023). Available online at: https://learn.
microsoft.com/en-us/dotnet/core/whats-new/dotnet-6 (accessed August 10, 2024).

36. Trevisan G, Linhares LC, Crim B, Dubey P, Schwartz KJ, Burrough ER, et al.
Prediction of seasonal patterns of porcine reproductive and respiratory syndrome
virus RNA detection in the US swine industry. ] Vet Diagn Invest. (2020) 32:394—
400. doi: 10.1177/1040638720912406

Frontiersin

10.3389/fvets.2025.1572237

37. Team RC. R: a language and environment for statistical computing. Veinna: R
Foundation for Statistical Computing (2021).

38. Coelho IMP, Paiva MT, da Costa AJA, Nicolino RR. African Swine
Fever: Spread and seasonal patterns worldwide. Prev Vet Med. (2025)
235:106401. doi: 10.1016/j.prevetmed.2024.106401

39. Hyndman RJ, Khandakar Y. Automatic time series forecasting: the forecast
package for R. J Stat Softw. (2008) 27:1-22. doi: 10.18637/jss.v027.103

40. Wang X, Smith-Miles K, Hyndman R. Rule induction for forecasting method
selection: Meta-learning the characteristics of univariate time series. Neurocomputing.
(2009) 72:2581-94. doi: 10.1016/j.neucom.2008.10.017

41. Hyndman RAG. Weekly, daily and sub-daily data. Forecasting: principles and
practice, 3rd Edn (2021). OTexts: Melbourn. Available online at: https://otexts.com/
fpp3/weekly.html (accessed May 04, 2024).

42. Hyndman RAG. Seasonal ARIMA models. Forecasting: principles and practice,
3rd Edn (2021). OTexts: Melbourne. Available online at: https://otexts.com/fpp3/
seasonal-arima.html (accessed May 04, 2024).

43. Hyndman RAG. Time series regression models. Forecasting: principles and
practice, 3rd Edn (2021). OTexts: Melbourne. Available online at: https://otexts.com/
fpp3/regression.html (accessed May 04, 2024).

44. Hyndman RAG. Dynamic harmonic regression. Forecasting: principles and
practice, 3rd Edn (2021). OTexts: Melbourne. Available online at: https://otexts.com/
fpp3/dhr.html (accessed May 04, 2024).

45. Hyndman RAG. Neural network models. Forecasting: principles and practice, 3rd
Edn (2021). OTexts: Melbourne. Available online at: https://otexts.com/fpp3/nnetar.
html (accessed May 04, 2024).

46. Hyndman RAG. Prophet model. Forecasting: principles and practice, 3rd Edn
(2021). OTexts: Melbourne. Available online at: https://otexts.com/fpp3/prophet.html
(accessed May 04, 2024).

47. Wang E, Cook D, Hyndman R]. A new tidy data structure to support
exploration and modeling of temporal data. ] Comput Graph Stat. (2020) 29:466-
78. doi: 10.1080/10618600.2019.1695624

48. O’'Hara-Wild M HR, Wang E. fable: Forecasting models for tidy time series.
R package version 034. (2024). Available online at: https://githubcom/tidyverts/fable
(accessed May 04, 2024).

49. Hyndman RJ, Athanasopoulos G. Forecasting: principles and practice. 3rd edition
ed Melbourne, Australia: OTexts. (2021).

50. Benschop J, Stevenson M, Dahl J, Morris R, French N. Temporal and longitudinal
analysis of danish swine salmonellosis control programme data: implications
for surveillance. Epidemiol Infect. (2008) 136:1511-20. doi: 10.1017/509502688070
00234

51. Wang X, Hyndman R] Li E Kang Y. Forecast combinations: an over 50-year
review. Int ] Forecast. (2023) 39:1518-47. doi: 10.1016/j.ijforecast.2022.11.005

52. Ljung GM, Box GE. On a measure of lack of fit in time series models. Biometrika.
(1978) 65:297-303. doi: 10.1093/biomet/65.2.297

53. Hyndman R], Athanasopoulos G, Bergmeir C, Caceres G, Chhay L, O’Hara-
Wild M, et al. Package forecast: forecasting functions for time series and linear models.
Software, R package version. Melbourne: OTexts (2020). p. 8.

54. Salles R, Belloze K, Porto F, Gonzalez PH, Ogasawara E. Nonstationary time
series transformation methods: an experimental review. Knowledge Based Syst. (2019)
164:274-91. doi: 10.1016/j.knosys.2018.10.041

55. Hyndman RJ, Koehler AB. Another look at measures of forecast accuracy. Int |
Forecast. (2006) 22:679-88. doi: 10.1016/j.ijforecast.2006.03.001

56. Koutsandreas D, Spiliotis E, Petropoulos F Assimakopoulos V. On the
selection of forecasting accuracy measures. | Operat Res Soc. (2022) 73:937-
54. doi: 10.1080/01605682.2021.1892464

57. Hyndman RAG. Evaluating distributional forecast accuracy. Forecasting:
principles and Practice, 3rd Edn. OTexts: Melbourne (2021). Available online at: https://
otexts.com/fpp3/distaccuracy.html#distaccuracy (accessed May 04, 2024).

58. Wickham H. ggplot2. Wiley Interdiscip Rev Comput Stat. (2011) 3:180-
5. doi: 10.1002/wics.147

59. Prickett JR, Zimmerman JJ. The development of oral fluid-based diagnostics
and applications in veterinary medicine. Anim Health Res Rev. (2010) 11:207-
16. doi: 10.1017/S1466252310000010

60. Biernacka K, Karbowiak P, Wrébel P, Chareza T, Czopowicz M, Balka G,
et al. Detection of porcine reproductive and respiratory syndrome virus (PRRSV)
and influenza A virus (IAV) in oral fluid of pigs. Res Vet Sci. (2016) 109:74-
80. doi: 10.1016/j.rvsc.2016.09.014

61. Bjustrom-Kraft J, Christopher-Hennings J, Daly R, Main R, Torrison J, Thurn M,
et al. The use of oral fluid diagnostics in swine medicine. ] Swine Health Prod. (2018)
26:262-9. doi: 10.54846/jshap/1091

62. Burrough ER, Schwartz AP, Gauger PC, Harmon KM, Krull AC, Schwartz KJ.
Comparison of postmortem airway swabs and lung tissue for detection of common


https://doi.org/10.3389/fvets.2025.1572237
https://doi.org/10.1128/JVI.74.19.9322-9327.2000
https://doi.org/10.3201/eid1906.121637
https://doi.org/10.7554/eLife.12217
https://doi.org/10.1177/1040638721995782
https://www.aphis.usda.gov/sites/default/files/fy2024q1swinereport.pdf
https://www.aphis.usda.gov/sites/default/files/fy2024q1swinereport.pdf
https://doi.org/10.1186/s12859-018-2408-7
https://doi.org/10.1017/S0950268814002106
https://doi.org/10.3390/v16040505
https://doi.org/10.1007/978-1-4939-0758-8_23
https://doi.org/10.1016/j.vetmic.2013.06.029
https://doi.org/10.3791/53313
https://doi.org/10.1186/s12917-019-1805-0
https://doi.org/10.1177/10406387211039462
https://doi.org/10.3390/vetsci9070338
https://doi.org/10.1371/journal.pone.0223544
https://doi.org/10.1177/10406387211002163
https://doi.org/10.31274/cc-20240624-1557
https://learn.microsoft.com/en-us/dotnet/csharp/whats-new/csharp-version-history
https://learn.microsoft.com/en-us/dotnet/csharp/whats-new/csharp-version-history
https://learn.microsoft.com/en-us/dotnet/core/whats-new/dotnet-6
https://learn.microsoft.com/en-us/dotnet/core/whats-new/dotnet-6
https://doi.org/10.1177/1040638720912406
https://doi.org/10.1016/j.prevetmed.2024.106401
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.1016/j.neucom.2008.10.017
https://otexts.com/fpp3/weekly.html
https://otexts.com/fpp3/weekly.html
https://otexts.com/fpp3/seasonal-arima.html
https://otexts.com/fpp3/seasonal-arima.html
https://otexts.com/fpp3/regression.html
https://otexts.com/fpp3/regression.html
https://otexts.com/fpp3/dhr.html
https://otexts.com/fpp3/dhr.html
https://otexts.com/fpp3/nnetar.html
https://otexts.com/fpp3/nnetar.html
https://otexts.com/fpp3/prophet.html
https://doi.org/10.1080/10618600.2019.1695624
https://githubcom/tidyverts/fable
https://doi.org/10.1017/S0950268807000234
https://doi.org/10.1016/j.ijforecast.2022.11.005
https://doi.org/10.1093/biomet/65.2.297
https://doi.org/10.1016/j.knosys.2018.10.041
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1080/01605682.2021.1892464
https://otexts.com/fpp3/distaccuracy.html#distaccuracy
https://otexts.com/fpp3/distaccuracy.html#distaccuracy
https://doi.org/10.1002/wics.147
https://doi.org/10.1017/S1466252310000010
https://doi.org/10.1016/j.rvsc.2016.09.014
https://doi.org/10.54846/jshap/1091
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Moraes et al.

porcine respiratory pathogens by bacterial culture and polymerase chain reaction
assays. ] Swine Health Prod. (2018) 26:246-52. doi: 10.54846/jshap/1092

63. Vincent AL, Ma W, Lager KM, Gramer MR, Richt JA, Janke BH. Characterization
of a newly emerged genetic cluster of HIN1 and HIN2 swine influenza virus in the
United States. Virus Genes. (2009) 39:176-85. doi: 10.1007/s11262-009-0386-6

64. Jiang Y, Li Q, Trevisan G, Linhares DC, MacKenzie C. Investigating the
relationship of porcine reproductive and respiratory syndrome virus RNA detection
between adult/sow farm and wean-to-market age categories. PLoS ONE. (2021)
16:€0253429. doi: 10.1371/journal.pone.0253429

65. Alvarez J, Sarradell ], Kerkaert B, Bandyopadhyay D, Torremorell M, Morrison
R, et al. Association of the presence of influenza A virus and porcine reproductive and
respiratory syndrome virus in sow farms with post-weaning mortality. Prev Vet Med.
(2015) 121:240-5. doi: 10.1016/j.prevetmed.2015.07.003

66. Prickett ], Simer R, Christopher-Hennings J, Yoon K-J, Evans RB, Zimmerman JJ.
Detection of Porcine reproductive and respiratory syndrome virus infection in porcine
oral fluid samples: a longitudinal study under experimental conditions. J Vet Diagn
Invest. (2008) 20:156-63. doi: 10.1177/104063870802000203

67. Romagosa A, Gramer M, Joo HS, Torremorell M. Sensitivity of oral fluids for
detecting influenza A virus in populations of vaccinated and non-vaccinated pigs.
Influenza Other Respir Viruses. (2012) 6:110-8. doi: 10.1111/§.1750-2659.2011.00276.x

68. Tarasiuk G, Remmenga MD, O’Hara KC, Talbert MK, Rotolo ML, Zaabel P, et al.
Pen-Based Swine Oral Fluid Samples Contain Both Environmental and Pig-Derived
Targets. Animals. (2024) 14:766. doi: 10.3390/ani14050766

69. Vincent AL, Perez DR, Rajao D, Anderson TK, Abente EJ, Walia RR,
et al. Influenza A virus vaccines for swine. Vet Microbiol. (2017) 206:35-
44. doi: 10.1016/j.vetmic.2016.11.026

70. Petukhova T, Ojkic D, McEwen B, Deardon R, Poljak Z. Assessment of
autoregressive integrated moving average (ARIMA), generalized linear autoregressive
moving average (GLARMA), and random forest (RF) time series regression models for
predicting influenza A virus frequency in swine in Ontario, Canada. PLoS ONE. (2018)
13:¢0198313. doi: 10.1371/journal.pone.0198313

71. Maes D, Deluyker H, Verdonck M, De Kruif A, Ducatelle R, Castryck F
et al. Non-infectious factors associated with macroscopic and microscopic lung
lesions in slaughter pigs from farrow-to-finish herds. Vet Rec. (2001) 148:41-
6. doi: 10.1136/vr.148.2.41

Frontiersin

17

10.3389/fvets.2025.1572237

72. Alkhamis MA, Arruda AG, Vilalta C, Morrison RB, Perez AM. Surveillance
of porcine reproductive and respiratory syndrome virus in the United States using
risk mapping and species distribution modeling. Prev Vet Med. (2018) 150:135-
42. doi: 10.1016/j.prevetmed.2017.11.011

73. Trovdo NS, Nelson MI. When Pigs Fly: Pandemic influenza enters the 21st
century. PLoS Pathog. (2020) 16:¢1008259. doi: 10.1371/journal.ppat.1008259

74. Lowe ], Gauger P, Harmon K, Zhang J, Connor J, Yeske P, et al. Role of
transportation in spread of porcine epidemic diarrhea virus infection, United States.
Emerg Infect Dis. (2014) 20:872. doi: 10.3201/eid2005.131628

75. Nelson MI, Lemey P, Tan Y, Vincent A, Lam TT-Y, Detmer S, et al. Spatial
dynamics of human-origin HI influenza A virus in North American swine. PLoS
Pathog. (2011) 7:¢1002077. doi: 10.1371/journal.ppat.1002077

76. Haach V, Gava D, Mauricio EC, Franco AC, Schaefer R. One-step multiplex RT-
qPCR for the detection and subtyping of influenza A virus in swine in Brazil. ] Virol
Methods. (2019) 269:43-8. doi: 10.1016/j.jviromet.2019.04.005

77. Watson SJ, Langat P, Reid SM, Lam TT-Y, Cotten M, Kelly M, et al. Molecular
epidemiology and evolution of influenza viruses circulating within European swine
between 2009 and 2013. J Virol. (2015) 89:9920-31. doi: 10.1128/JVI1.00840-15

78. Goecke NB, Krog JS, Hjulsager CK, Skovgaard K, Harder TC, Breum S@, et al.
Subtyping of swine influenza viruses using a high-throughput real-time PCR platform.
Front Cell Infect Microbiol. (2018) 8:165. doi: 10.3389/fcimb.2018.00165

79. Fraiha ALS, Matos ACD, Cunha JLR, Santos BSAdS, Peixoto MVC,
Oliveira AGG, et al. Swine influenza A virus subtypes circulating in Brazilian
commercial pig herds from 2012 to 2019. Braz ] Microbiol. (2021) 52:2421-
30. doi: 10.1007/s42770-021-00550-y

80. Haach V, Gava D, Cantao ME, Schaefer R. Evaluation of two multiplex RT-PCR
assays for detection and subtype differentiation of Brazilian swine influenza viruses.
Braz ] Microbiol. (2020) 51:1447-51. doi: 10.1007/s42770-020-00250-z

81. Bonin E, Quéguiner S, Woudstra C, Gorin S, Barbier N, Harder TC,
et al. Molecular subtyping of European swine influenza viruses and scaling
to high-throughput analysis. Virol J. (2018) 15:1-18. doi: 10.1186/5s12985-018-
0920-z

82. Atiya AF. Why does forecast combination work so well? Int J Forecast. (2020)
36:197-200. doi: 10.1016/j.ijforecast.2019.03.010


https://doi.org/10.3389/fvets.2025.1572237
https://doi.org/10.54846/jshap/1092
https://doi.org/10.1007/s11262-009-0386-6
https://doi.org/10.1371/journal.pone.0253429
https://doi.org/10.1016/j.prevetmed.2015.07.003
https://doi.org/10.1177/104063870802000203
https://doi.org/10.1111/j.1750-2659.2011.00276.x
https://doi.org/10.3390/ani14050766
https://doi.org/10.1016/j.vetmic.2016.11.026
https://doi.org/10.1371/journal.pone.0198313
https://doi.org/10.1136/vr.148.2.41
https://doi.org/10.1016/j.prevetmed.2017.11.011
https://doi.org/10.1371/journal.ppat.1008259
https://doi.org/10.3201/eid2005.131628
https://doi.org/10.1371/journal.ppat.1002077
https://doi.org/10.1016/j.jviromet.2019.04.005
https://doi.org/10.1128/JVI.00840-15
https://doi.org/10.3389/fcimb.2018.00165
https://doi.org/10.1007/s42770-021-00550-y
https://doi.org/10.1007/s42770-020-00250-z
https://doi.org/10.1186/s12985-018-0920-z
https://doi.org/10.1016/j.ijforecast.2019.03.010
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

	Macroepidemiological trends of Influenza A virus detection through reverse transcription real-time polymerase chain reaction (RT-rtPCR) in porcine samples in the United States over the last 20 years
	1 Introduction
	2 Materials and methods
	2.1 Data source
	2.2 Dataset organization
	2.3 Data visualization
	2.4 Influenza A virus seasonality assessment
	2.5 Influenza A virus RT-rtPCR detection monitoring

	3 Results
	3.1 IAV RT-rtPCR results
	3.2 IAV subtypes RT-rtPCR results
	3.3 IAV RT-PCR detection forecasting and monitoring

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher's note
	References


