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Abstract Influenza epidemics, a major contributor to global morbidity and mortality, are influenced by
climate factors including absolute humidity and temperature. Climate change is expected to increase the
frequency and severity of climate extremes, potentially impacting the duration and magnitude of future
influenza epidemics. However, the extent of these projected effects on influenza outbreaks remains
understudied. Here, we use an epidemiologic model adapted for temperate and tropical climates to explore how
climate variability may affect seasonal influenza. Using climate anomalies derived from historical data, we
found that simulated periods of anomalous climate conditions impacted both the projected influenza outbreak
peak size and the total proportion infected, with the strongest effects observed when the anomaly was included
just before the typical peak. Effects varied by climate: temperate regions showed a unimodal relationship, while
tropical climates exhibited a nonlinear pattern. Our results emphasize that the intensity of weather extremes is
key to understanding how climate change may affect influenza outbreaks, laying the groundwork for utilizing
weather variability as a potential early warning for influenza activity.

Plain Language Summary Influenza epidemics represent a persistent global public health issue and
are impacted by climate drivers including absolute humidity and temperature. Climate variability is projected to
increase under climate change, yet there is limited understanding how it may impact influenza transmission. We
assess how climate variability may impact future influenza outbreaks in temperate and tropical climates with
epidemiological models. Using influenza and climate data, we incorporate periods of anomalous climate
conditions into the model. By comparing the anomalous peak size and total proportion infected to the expected
baseline peak and total proportion infected, we calculate the relative difference in peak size and proportion
infected attributed to the anomaly. When anomalous climate conditions occurred before the typical outbreak, a
low anomaly was associated with a relative increase in peak size, whereas a high anomaly resulted in a smaller
peak size. We also find the relationship between the anomaly and outbreak size varied by climate zone:
outbreaks in temperate areas were most sensitive to climate anomalies prior to the influenza peak, whereas
anomalies in tropical areas impacted outbreaks year‐round. Our findings demonstrate the importance of
considering climate variability as a distinct element of the broader impacts of climate change on future influenza
outbreaks.

1. Introduction
Influenza infections account for considerable morbidity and mortality around the globe each year, resulting in an
estimated 3–5 million cases of serious disease and 290,000–650,000 deaths (Mackenzie, 2024). The climate plays
a crucial role in determining the timing and severity of these outbreaks, however the association differs by region
(Lowen et al., 2007; Shaman & Kohn, 2009; Shaman et al., 2010; J. D. Tamerius et al., 2013). Climate change is
expected to alter patterns in weather variability in the coming years (Bathiany et al., 2018; Field et al., 2012;
Intergovernmental Panel On Climate Change, 2022; Johnson et al., 2018), which may have implications for the
timing and magnitude of seasonal influenza outbreaks. There is limited understanding of how climate variability,
particularly climate extremes, will affect influenza epidemics (Flahault et al., 2016; Gilbert et al., 2008; Mirsaeidi
et al., 2016; Prosser et al., 2023). Understanding how weather extremes may impact seasonal influenza patterns is
important for public health planning to mitigate influenza burden under the effects of climate change.

Temperate areas experience seasonal influenza epidemics during the winter months, while tropical regions have
influenza activity throughout the year or experience seasonal peaks during the rainy season (Bloom‐Feshbach
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et al., 2013; Martinez, 2018; J. Tamerius et al., 2011; Viboud, Alonso, & Simonsen, 2006; Viboud, Bjørnstad,
et al., 2006). In temperate regions, epidemiological and laboratory‐based studies have found that the lower ab-
solute humidity during wintertime induces conditions that promote the viability and transmission of the influenza
virus (Paynter, 2015; Shaman & Kohn, 2009; Shaman et al., 2010; J. Tamerius et al., 2011; J. D. Tamerius
et al., 2013). While there are additional climate factors (e.g., temperature (Lowen et al., 2008), solar radiation
(Hessling et al., 2022)) and social factors (e.g., increased indoor contact (Cauchemez et al., 2008)) that help
explain some variations in influenza seasonality, absolute humidity remains the strongest known predictive factor
to account for seasonal influenza patterns in temperate areas. In tropical regions, the relationship between climate
variables and influenza transmission remains less studied, although absolute humidity and temperature appear to
be strongly influential. Work investigating influenza transmission in Hong Kong, a tropical environment, found
evidence of a bimodal relationship between the effects of temperature and absolute humidity (Yuan et al., 2021),
and these findings have since been validated in research focused on influenza transmission in Bangladesh
(Mahmud et al., 2023). Understanding the distinct impact of climate extremes in both temperate and tropical
regions is crucial for public health planning in these settings.

Here we use two epidemiological influenza models—a temperate model driven by absolute humidity, and a
tropical model driven by absolute humidity and temperature—to explore how extreme weather patterns could
impact influenza outbreaks in urban areas. We initially model impacts in two temperate locations (Manhattan,
NY, and San Francisco, CA), and two tropical locations (Dhaka, Bangladesh and Hong Kong, special admin-
istrative region of China). Of the two temperate locations, Manhattan has a larger range of absolute humidity
values through the year, while San Francisco experiences relative climate stability with a smaller range of ab-
solute humidity. Both Manhattan and San Francisco generally experience influenza outbreak peaks that overlap
with periods of low absolute humidity. In the two tropical locations, the large influenza outbreak in Dhaka
historically overlaps with periods of high temperature and absolute humidity, whereas in Hong Kong, the primary
outbreak occurs during periods of low temperature and absolute humidity, with additional smaller outbreaks at
periods of high temperature and absolute humidity. Building on previous work, we assume that low absolute
humidity increases transmission in temperate locations, and a non‐linear combination of temperate and absolute
humidity impact transmission in tropical locations. By incorporating periods of anomalously low or high absolute
humidity (and temperature for the tropical locations) at different time points, in influenza models calibrated to
each location, we explore the potential effect of climate extremes on the seasonal outbreak size and total pro-
portion infected.

2. Materials and Methods
2.1. Influenza Data

Data on confirmed weekly influenza hospitalizations in the United States were derived from the State Inpatient
Databases (SID), sponsored by the Agency for Healthcare Research and Quality (AHRQ) as part of the Healthcare
Cost and Utilization Project (HCUP) (HCUP‐US Home Page, 2024; Jacobs et al., 2014). The SID contains in-
formation relating to all community hospitals at a county‐level resolution from 1988 to 2010, with data spanning
22 influenza seasons. Hospitalization data from 2009, the year of the H1N1 swine flu pandemic, was excluded to
focus the analysis on seasonal patterns of influenza outbreaks. We took weekly influenza hospitalization time
series from San Francisco and Manhattan for initial model fitting. To address potential year‐to‐year variations in
vaccination coverage and data reporting, we calculated weekly mean influenza infections over the whole study
period and normalize cases such that maximum is one. Data on confirmed influenza cases in Bangladesh were
obtained from the Institute of Epidemiology, Disease Control and Research, Bangladesh, as reported in Mahmud
et al. (2023). Monthly mean influenza burden was calculated for the Dhaka district in Bangladesh. Data on
confirmed influenza cases from 2014 through 2019 were obtained from the Center for Health Protection of the
Hong Kong Special Administrative Region.

2.2. Climate Data

Daily temperature and dew point temperature data from 1980 to 2015 were downloaded from the ERA5 gridded
hourly data set on single levels with 0.25 × 0.25 resolution, representing approximately 30 km2 grids. ERA5 data
is a combination of observed satellite values and projected climate variables to create a comprehensive and
standardized global data set. Daily average temperature and absolute humidity were computed for New York, San
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Francisco, and Dhaka from the ERA5 data set. Climate data for Hong Kong were derived from the Hong Kong
observatory, as reported in Yuan et al. (2021). The Clausius‐Clapeyron relation enabled calculation of mean
absolute humidity from temperature and dew point temperature, a measure of volume of water per volume of air.
Due to the relatively shorter time series of Hong Kong, the climate data were smoothed. For all locations, weekly
values and the mean weekly value for climate variables were calculated to obtain the anomaly. Weekly climate
anomalies were calculated by subtracting the week mean from each weekly value, resulting in a data set where
positive values indicate a higher‐than‐average weekly absolute humidity, and negative values indicate a lower‐
than‐average weekly absolute humidity. For the tropical locations, daily mean climate values were also calcu-
lated to be used in the model. Mean absolute humidity for the main temperate locations are visualized in Figure S6
in Supporting Information S1 and mean absolute humidity and temperature for the tropical locations are shown in
Figure S7 in Supporting Information S1.

2.3. Mechanistic Model With Climate

As the dynamics of infectious disease rely on individuals moving between the susceptible, infected, and recovered
categories, mechanistic models are used to capture the non‐linear relationships. We used two models to explore
the possible impact of climate extremes on influenza outbreaks. The first model was developed for temperate
climates and is dependent on absolute humidity, and the second model was developed for tropical climates and is
dependent on absolute humidity and temperature. Both models rely on the canonical Susceptible‐Infected‐
Recovered framework with transmission governed by the following equations:

dS
dt
=
N − S − I

L
− β(t)

S ∗ I
N

(1)

dI
dt
= β(t)

S ∗ I
N

−
I
D

(2)

WhereN is the total population size, S is the susceptible population, I is the infected population, andD is the mean
infectious period. L is the duration of immunity and is set to 40 weeks, enabling the influenza epidemic to recur
seasonally. β(t) represents the contact rate at time t, and is related to the basic reproductive number (R0) in this
framework by R0(t) = β(t)D. For the temperate model developed by Shaman et al. (2010) for locations across the
United States, R0(t) is dependent on absolute humidity q(t) as:

R0 (t) = exp(− 180 ∗ q(t) + log(R0max − R0min)) + R0min (3)

Where R0max and R0min are the maximum and minimum effective reproductive number. The SIR framework
described here for temperate climates models output data on a weekly cadence. Parameters were identified by
calibrating the model to observational influenza surveillance data. For the tropical model, developed by Yuan
et al. (2021) for Hong Kong, R0(t) is dependent both on absolute humidity q(t) and temperature T(t) as:

R0(t) = [aq(t)2 + b(q)2 + c] (
Tc
T(t)

)

Texp
(4)

Where a,b,c are defined in Equations 5–7, qmax is the absolute humidity (g/kg) value at which R0 = R0max when
T = Tc and represents the maximum absolute humidity allowed, qmin is the absolute humidity (g/kg) value at
which R0 = R0max when T = Tc and represents the minimum absolute humidity allowed, qmid is the absolute
humidity at which R = R0max − R0diff , R0diff is the difference between R0max and R0 when q = qmid, Tc is the
critical temperature below which changes in temperature do not impact transmission, and Texp determines the
strength of the relationship between temperature and R0.

a =
− b

qmax + qmin
(5)

b =
(R0max

− (R0max
− R0diff))(qmax + qmin)

(qmax − qmid)(qmin − qmid)
(6)
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c = (R0max − R0diff) − aq2mid − bqmid (7)

The SIR framework described here for tropical climates models output data on a daily cadence.

2.4. Model Optimization

Parameters representing fundamental features of the influenza pathogen (D, L) were held constant at values based
on prior work by Shaman et al. (2010), while parameters related to the reproduction number, which is expected to
vary by location due to differences in contacts, were estimated to capture average effects across the study period.
Best fit model parameters were estimated for the temperate model using a grid search of a range of values based
on the literature for R0min and R0max by fitting the model to observed influenza hospitalization data (Table S1,
Figure S4 in Supporting Information S1). Best fit was assessed by minimizing the mean average error between the
observed and simulated weekly infection values for each county (Table S2, Figure S5 in Supporting Informa-
tion S1). Each simulation was run with a burn‐in period to account for transient dynamics.

Best fit model parameters were estimated for the tropical model by testing a range of parameter values and tuning
the model to the observed influenza infection data. Parameters that were fit include: R0 max, R0diff , qmin, qmax, qmid,
TC, Texp,D, L, S0, and I0. There were 5,000 parameter combinations generated by latin hypercube sampling (LHS)
based on parameter ranges from the literature (Table S3 in Supporting Information S1). There were 5,000
simulations run for Dhaka and Hong Kong based on the parameter combinations, and best fit was assessed by
minimizing the error between the observed and simulated infection values. From the initial 5,000 parameter
combinations, we used an iterative process to select the best fit parameters. For each location, we picked the top
500 parameter combinations with the lowest root mean square error (RMSE), and then created a 95% high density
interval (HDI) for each parameter. We then used the new 95%HDI to create a new range of parameter values if the
upper (or lower) bound was outside 10% of the original parameter maximum (or minimum) value. From here, we
recreated 5,000 parameter combinations with LHS with the newly identified parameter range and repeated the
simulations for each location. The tuning was completed when the parameter ranges did not decrease and were in
within 10% of the 95% HDI bounds. Dhaka underwent 10 rounds of model tuning, and Hong Kong underwent 13
rounds of model tuning. We report the best‐fit parameters (Table S3 in Supporting Information S1) and provide
the top ten best‐fit parameter combinations (Figure S6 in Supporting Information S1) for each location. Each
simulation was run with a burnin period to account for transient dynamics.

2.5. Anomaly Inclusion Into Model

To examine the impact of weather extremes on modeled influenza outbreaks, we incorporated periods of
anomalous climate conditions into the model. An anomaly is defined as the percentile departure from the average
climate conditions (Global Surface Temperature Anomalies | National Centers for Environmental Information
(NCEI), 2024). To identify anomaly values, we first calculated the average weekly temperature and specific
humidity for each study location over the study period. Anomalies were then computed as the difference between
the value for each individual week across all years in the study period and the corresponding average weekly
value. This process generated an anomaly range for each location and climate variable. For instance, a 1‐week 1%
climate anomaly during epidemiologic week 10 is calculated by adding a 1st percentile anomaly value to week 10
(as anomalies are deviations from the climatology, we add this directly the weekly average). We replaced every
week in the year with anomalous conditions, with the anomaly percentiles ranging from the 1st through the 99th
specific to each location. We also extended the anomaly duration by introducing periods of two, three, and four
consecutive weeks of anomalous conditions into the model for the 1st and 99th percentile anomalies.

For temperate regions in this analysis, which experience one outbreak per year, peak size serves as an effective
measure of anomaly impact. For tropical locations with extended influenza transmission, the total proportion
infected, represented as area under the curve (AUC), better reflects the impact of a climate anomaly. To isolate
any anomaly effects, we defined the analysis year as starting the day the anomaly is included and ending 52 weeks
later. This rolling timeframe enabled analysis of late‐year anomalies and their effect on outbreaks in the following
year. From the model outputs, we identified the maximum projected peak in the anomaly model and compared it
to the baseline peak. We standardized this difference by dividing the anomaly peak by the baseline peak, resulting
in the relative peak size difference. Similarly, we calculated the AUC for both anomaly and baseline conditions
and standardized the anomaly AUC against the baseline.
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Data processing and analysis was performed using R version 4.3.1 and RStudio version 2023.06.1 + 524.

3. Results
3.1. Temperate Model

In Figure 1 we show the timeline for the effect of the anomaly in the week that had the greatest impact on influenza
outbreak size relative to baseline projections in Manhattan, New York and San Francisco, California. In each
location, the presence of an anomalously low week of absolute humidity just prior to the peak of the influenza
outbreak was associated with an increase in the infected peak size (red line) relative to baseline projections
(yellow line). In contrast, the presence of an anomalously high week of absolute humidity at the same time was
associated with a decrease in the infected peak size (blue line) relative to baseline projections (yellow line). The x‐
axes in Figure 1 are shifted to center the main influenza outbreak for the temperate locations.

We find that a single week of a 1% absolute humidity anomaly just prior to the influenza outbreak leads to a
predicted 41.1% increase in relative peak size in Manhattan and an 18.7% increase in relative peak size in San
Francisco. Inclusion of a single week of anomalously low absolute humidity conditions had a larger effect on the
relative peak size when compared to a week of anomalously high absolute humidity. A single week of 99%
absolute humidity prior to the influenza outbreak led to predicted smaller outbreaks in Manhattan and San
Francisco, corresponding to 27.4% and 12.8% relative decreases in peak size.

Figure 2a portrays how a single anomalous week of absolute humidity could impact the projected influenza peak
in the year following the anomaly in Manhattan, and Figure 2c depicts the same analysis for San Francisco. The x‐
axes in Figure 2 are shifted to center the main influenza outbreak for the temperate locations, similar to Figure 1.
Blue shading indicates that the inclusion of an anomaly resulted in a predicted smaller outbreak size relative to
baseline, and red shading indicates the inclusion of the anomaly resulted in a predicted larger outbreak size
relative to baseline. Both temperate locations assessed exhibited similar patterns in the effect of timing and

Figure 1. Predicted impact of climate extremes on the seasonal influenza outbreak in Manhattan, NY and San Francisco, CA.
Impact of 1 week of 1% (red line) and 99% (blue line) anomalous absolute humidity in Manhattan and San Francisco. The
anomaly was added during the week that would have the maximum impact on the outbreak. The black vertical line indicates
the week of anomalous absolute humidity, and the yellow line indicates the expected baseline outbreak.
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direction of the anomaly. The inclusion of a week of anomalously low absolute humidity just prior to the projected
peak of the outbreak resulted in the largest increase in the relative peak size compared to baseline, likely due to the
onset of favorable conditions spurring influenza transmission. However, if a week of anomalously high absolute
humidity occurred at that same time, the projected outbreak size was smaller compared to the baseline expec-
tation, likely due to higher absolute humidity dampening influenza transmission. The inclusion of an anomalously
low week of absolute humidity in the weeks leading to the outbreak resulted in a seasonal outbreak peak smaller
than expected under baseline conditions, likely due to increased transmission at the anomaly time reducing the
susceptible pool at the typical outbreak peak. In contrast, a period of anomalously high absolute humidity during
this same time period led to a larger seasonal outbreak peak than expected under baseline conditions. We believe
this may be due to the high absolute humidity resulting in decreased influenza activity at the time of the anomaly,
resulting in a larger pool of the susceptible population during the outbreak peak. Effect sizes resulting from the
inclusion of the climate anomaly were more pronounced in New York than San Francisco, which may be driven
by greater variation of anomaly values as observed in the historic climate data (Figure S1 in Supporting Infor-
mation S1). In addition, we found that greater severity of the minimum climate anomaly was associated with a
larger difference in relative peak size in 36 locations assessed across the United States (Figure 7).

We also investigated how the inclusion of multiple weeks of anomalous climate conditions were projected to
impact the influenza outbreak. Figure 2b portrays how anomalous periods of one through four consecutive weeks

Figure 2. Surface and wave plots for Manhattan, NY and San Francisco, CA. (a) Projected relative peak size difference for Manhattan for 1%–99% anomalies added
during each epidemiologic week. (b) Relative peak size increases for Manhattan for 1% and 99% anomalies over 1–4 consecutive week durations. (c) Projected relative
peak size difference for San Francisco for 1%–99% anomalies added during each epidemiologic week. (d) Relative peak size increases for San Francisco for 1% and 99%
anomalies over 1–4 consecutive week durations.
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of anomalously high or low absolute humidity were projected to impact the relative difference in peak size be-
tween the anomalous and baseline models for Manhattan, and Figure 2d portrays the same calculations for San
Francisco. Generally, longer periods of anomalous climate conditions exacerbated the effects observed under
shorter periods of anomalous climate conditions. For each location, we found that the most substantial impacts on
the predicted peak size overlapped with the weeks leading to the outbreak peak. A 1% anomaly added just after the
outbreak peak was projected to decrease the maximum anomaly peak over the next year, likely due to extended
influenza transmission decreasing the susceptible pool for the upcoming influenza season. Visualized effects of
the anomaly inclusion were smoother in San Francisco than in Manhattan, as seen in the wave shape in Figure 2d
compared to the more pronounced bumps in Figure 2b.

3.2. Basic Reproductive Number Calculation in Tropical Locations

As in Yuan et al. (2021), we fitted the relationship between influenza transmission and climate factors (absolute
humidity, temperature) by calculating the basic reproductive number (R0) for Dhaka (Figure 3a) and Hong Kong
(Figure 3b) using the best‐fit parameters for each location. Figure 3 shows a non‐linear relationship between
absolute humidity and R0, with higher predicted transmission in both cold, low‐absolute humidity and hot, high‐
absolute humidity. Introducing anomalous climate conditions during these outbreaks affected the calculated
contemporaneous R0 values. Depending on the climate conditions when an anomaly was included, the figures
demonstrate how a 1% anomaly may boost transmission if occurring during a cold, low‐absolute humidity period
and may dampen transmission if occurring during a hot, high‐absolute humidity period. These results highlight
that tropical locations with wide annual ranges of temperature and absolute humidity may have two periods of
higher transmission, potentially vulnerable to climate extremes: cold, low‐absolute humidity and hot, high‐
absolute humidity.

3.3. Tropical Model

We find large unimodal effects of a single anomalous week of absolute humidity in temperate model analyses;
however, distinct climate drivers are expected to be influential in tropical locations. Using a model previously
developed for Bangladesh, we explored the impact of climate variability on influenza epidemics in Dhaka and
Hong Kong. Figure 4 shows the timeline of the impact of the anomaly during the week with the greatest effect on
outbreak peak size for Dhaka (4a) and Hong Kong (4b). In Dhaka, a single week of 1% anomalously low absolute
humidity and temperature before the influenza outbreak increased the infected peak size (red line) by 24.8%
relative to baseline projections (yellow line). Conversely, a single week of anomalously high temperature and

Figure 3. Basic reproductive number (R0) values for Dhaka and Hong Kong. (a) R0 predicted from temperature and absolute
humidity values for Dhaka, 1985–2014. (b) R0 predicted from temperature and absolute humidity values for Hong Kong,
1998–2019.
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absolute humidity at the same time period reduced the infected peak size (blue line) by 22.8%. For Hong Kong, a
single week of 1% anomalously low temperature and absolute humidity increased the predicted relative peak size
by 135.6%, while a week of a 99% anomalous temperature and absolute humidity led to a 25.2% decrease in
predicted relative peak size. Both locations showed similar effects to the analysis in temperate locations when the
anomaly occurred around the historic outbreak peak: low temperature and absolute humidity anomalies led to
larger outbreaks, whereas high anomalies dampened them. In the tropical locations, including a week of 99%
anomalously high temperature and absolute humidity produced a bimodal outbreak pattern, with a moderate
initial peak followed by a smaller one. This bimodal effect was observed in both Dhaka and Hong Kong, and is
seen in the blue line in Figure 4.

When examining the impact of climate extremes on projected influenza outbreaks in tropical climates, we
considered the hypothesized non‐linear relationship between climate variables and transmission. Figure 3 showed
the increased influenza transmission both at cold, low‐absolute humidity and at hot, high‐absolute humidity. To
study this non‐linear effect, we used the same methods as described for the temperate model to analyze the impact
of 1st–99th percentile temperature and absolute humidity anomalies on the relative outbreak size. Figure 5a il-
lustrates how the timing of a single week of anomalous climate conditions affects the projected peak in Dhaka,
while Figure 5c depicts the same analysis for Hong Kong. A 1% temperature and absolute humidity anomaly
during the outbreak peak increased the basic reproductive number (R0), leading to a larger peak relative to
baseline conditions in both locations. In Dhaka, adding a 1% temperature and absolute humidity anomaly of two
or more weeks during periods of cold, low‐absolute humidity resulted in a larger projected peak, highlighting the
strong influence of these conditions on influenza transmission. In Hong Kong, a 1% temperature and absolute
humidity anomaly had large effects, particularly when they overlapped with cold and low‐absolute humidity
climate conditions. This finding is likely due both to low temperature and absolute humidity boosting

Figure 4. Predicted impact of climate extremes on the seasonal influenza outbreak in Dhaka, Bangladesh and Hong Kong.
The anomaly was added during the week that would have the maximum impact on the outbreak. The black line indicates the
beginning of the week of anomalous absolute humidity and temperature. (a) Impact of 1 week of 1% anomalous absolute
humidity and temperature in Dhaka, Bangladesh. (b) Impact of 1 week of 1% anomalous absolute humidity and temperature
in Hong Kong.
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transmission and the presence of a larger susceptible population relative to other times in the year. A 99%
temperature and absolute humidity anomaly during the outbreak peak decreased R0, leading to a smaller peak
relative to baseline conditions in both Dhaka and Hong Kong.

We also examined how multiple weeks of anomalous climate extremes affected the influenza outbreak, similar to
our analysis of the temperate model. Figure 5b illustrates the projected relative differences in peak size for Dhaka
with the addition of one to four consecutive weeks of 1% or 99% temperature and absolute humidity anomalies,
and Figure 5d shows the same for Hong Kong. In both locations, longer durations of anomalous conditions
intensified the effects observed with shorter durations. The strong bimodal relationship observed in Figure 5a is
further demonstrated in Figure 5b, where the 1% temperature and absolute humidity anomaly shows an increasing
effect size with longer anomaly periods in Dhaka. The 99% temperature and absolute humidity anomaly had a
nonlinear impact, where two periods led to a reduced peak size compared to the baseline. Interestingly, both 1%
and 99% temperature and absolute humidity anomalies lasting at least 2 weeks early in the year increased the
outbreak peak in Dhaka, albeit through different mechanisms. The 1% temperature and absolute humidity
anomaly spurred early transmission, leading to a larger early peak, while the 99% anomaly lowered transmission
and created a larger susceptible pool for a peak later in the year. In Hong Kong, the 1% temperature and absolute
humidity anomaly had significant effects on the projected peak size, which grew as its duration extended. In-
clusion of 1 week of a 99% temperature and absolute humidity anomaly resulted in a smaller peak when aligned
with the primary outbreak period.

Figure 5. Surface and wave plots relating to peak size for Dhaka, Bangladesh and Hong Kong, special administrative region of China. (a) Projected relative peak size
difference for Dhaka for 1%–99% anomalies added during each epidemiologic week. (b) Relative peak size increase for Dhaka for 1% and 99% anomalies over 1–4
consecutive week durations. (c) Projected relative peak size difference for Hong Kong for 1%–99% anomalies added during each epidemiologic week. (d) Relative peak
size increase for Hong Kong for 1% and 99% anomalies over 1–4 consecutive week durations.
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To compare the total proportion infected between climate conditions, we calculated the area under the infected
curve. Figure 6 uses the same anomaly projections as in Figure 5 to compare the total proportion infected in the
anomaly model compared to the baseline model for each anomaly week combination. Figure 6a shows the impact
of adding a temperature and absolute humidity anomaly during any given week on the total proportion infected for
the year in Dhaka, while Figure 6c depicts the same for Hong Kong. In Dhaka, 1 week of anomalously low
temperature and absolute humidity had varied impacts, with three distinct periods increasing the proportion
infected and three periods decreasing it. The largest increase (4.1%) occurred when a 1% temperature and absolute
humidity anomaly was added in week 3, a time of historically colder temperature and lower absolute humidity in
Dhaka. In Hong Kong, a 1‐week 1% temperature and absolute humidity anomaly had the most significant impact
when included around the major outbreak, with smaller effects at other times. The largest increase (11.9%)
occurred when a 1% temperature and absolute humidity anomaly was added in week 4, a period of colder
temperature and lower absolute humidity in Hong Kong.

We also examined the impact of varying lengths of anomalous temperature and absolute humidity on the total
proportion infected with influenza in the tropical locations. Figure 6b shows the effects of one through four
consecutive weeks of 1% and 99% temperature and absolute humidity anomalies on the projected total proportion
infected in Dhaka, and Figure 6d shows the same for Hong Kong. In both locations, longer periods of temperature
and absolute humidity anomalies generally amplified the effects observed at shorter periods. The largest impacts

Figure 6. Surface and wave plots relating to area under the curve (AUC) for Dhaka, Bangladesh and Hong Kong, special administrative region of China. (a) Projected
AUC difference for Dhaka for 1%–99% anomalies added during each epidemiologic week. (b) Relative AUC increase for Dhaka for 1% and 99% anomalies over 1–4
consecutive week durations. (c) Projected relative AUC difference for Hong Kong for 1%–99% anomalies added during each epidemiologic week. (d) Relative AUC
increase for Hong Kong for 1% and 99% anomalies over 1–4 consecutive week durations.
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were seen when typical climate conditions involved low temperature and absolute humidity, aligning with pre-
vious findings that these conditions are associated with higher influenza activity.

4. Discussion
To better understand how climate extremes in both temperate and tropical areas may impact the magnitude of the
seasonal influenza outbreak, anomalous periods of one through four consecutive weeks of absolute humidity (and
temperature for the tropical locations) were incorporated into the model, and the differences in peak size and total
proportion infected relative to baseline projections were calculated. In each location, there was one highly
influential week that corresponded to the greatest relative difference in peak size following the inclusion of a 1%
or a 99% anomaly of absolute humidity (and temperature for tropical climates). In temperate locations, 1 week of
1% anomalous absolute humidity at this time was associated with a predicted relative increase in influenza peak
size, whereas a week of a 99% anomalous absolute humidity reduced the influenza peak size. In tropical locations,
the impact of anomalous temperature and absolute humidity was largely dependent on the current climate, as
favorable conditions for influenza transmission occurred at both high and low combinations of temperature and
absolute humidity. Interestingly, a larger outbreak peak size did not always correspond to a larger total proportion
infected: in Dhaka, the maximum impact of a 1‐week 1% temperature and absolute humidity anomaly resulted in a
24.8% larger predicted peak size compared to baseline, but the total proportion infected was 1.6% less than the
total predicted proportion infected under baseline conditions. Increasing the length of the anomalous climate
period generally exacerbated the pattern that was identified under 1 week of anomalous climate conditions.
Climate anomalies incorporated into the model in the months prior to the highly influential week had an opposite
sign effect on the projected difference in peak size. We believe many of these shifts were driven by changes to the
susceptible pool resulting from the inclusion of the anomaly. In Dhaka, if a 1% absolute humidity and temperature
anomaly spurred transmission early in the year outside the main outbreak, this would lead to a smaller susceptible
pool later on during the main outbreak. In contrast, a 99% absolute humidity and temperature anomaly at that same
time could dampen transmission, resulting in a larger susceptible pool during the main outbreak. These patterns
were consistently identified across the 36 additional locations analyzed (Figure S2 in Supporting Information S1).

Other analyses have evaluated the relationship between seasonal influenza outbreaks and the climate variables in
tropical locations. Unlike seasonal influenza outbreaks in temperate regions, which are characterized by a peak of
infection during the dry and winter months, tropical areas experience persistent influenza outbreaks throughout
the year. There is a hypothesized nonlinear relationship between absolute humidity and the reproductive number
in tropical regions, modified by temperature at higher levels of absolute humidity (Yuan et al., 2021). In the
results, we see evidence for this nonlinear relationship in the multiple periods of the year in which a 99% or 1%
temperature and absolute humidity anomaly results in an increased peak size (Figure 5). This pattern is not present
in the temperate location analysis, for which the only periods of the year we found to be very susceptible to a high

Figure 7. Spatial patterns of projected maximum difference in peak size by location in the United States. Projected
differences in relative peak size resulting from the inclusion of a 1% absolute humidity anomaly at the maximum impact
week for all locations analyzed in the United States.
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or low absolute humidity anomaly were immediately surrounding the major outbreak. Considering current
climate change projections, it is possible that more areas, including in historically temperate regions, will move
toward tropical climates in the United States (Osland et al., 2021). Under this regime, it is likely that patterns of
seasonal influenza outbreaks will also shift, and tropical locations may be increasingly susceptible to periods of
climate variability (Field et al., 2012). For these reasons, understanding the mechanisms behind influenza activity
we currently witness using the tropical model are important for validating the results.

4.1. Limitations and Strengths

There are several caveats with this analysis. First, the model is implicitly fit to a semi‐vaccinated population, but a
vaccination parameter is not explicitly incorporated into the model. If a universal vaccine became available, this
could impact patterns of transmission not currently accounted for in the model. Second, this work does not ac-
count for different influenza strains, for which changing circulation patterns could alter the magnitude of the
influenza outbreak. Third, this analysis is focused on outcomes in four locations (Manhattan, NY, San Francisco,
CA, Dhaka, Bangladesh, and Hong Kong, special administrative region of China). However, an additional 36
locations across the United States were analyzed (Table S2 in Supporting Information S1), and the broad patterns
identified with Manhattan and San Francisco were consistent between the additional locations (Figures S2 and S3
in Supporting Information S1). Broad patterns in maximum relative peak size associated with inclusion of an
anomaly are seen in Figure 7. Fourth, while the models were calibrated to each location based on historic climate
and influenza data, additional work is required to characterize the relationship as causal. Our analysis investigates
predicted outbreak patterns under variable climate conditions based on an epidemiological model, the results do
not represent statistical estimates of an observed response to extremes.

5. Conclusions
There are mounting concerns regarding how climate change will impact future influenza outbreaks. Our analysis
provides a step toward understanding how climate variability stands to affect the seasonal influenza outbreak
across temperate and tropical climates. We found that elements such as severity of an anomalous climate period
stand to be highly influential on the seasonal influenza outbreak, and that the direction and magnitude of the
effects depended on the timing and climate of the outbreak. We also found locations that historically experienced
greater climate variability had larger magnitude effect sizes on the simulated influenza outbreak when weather
anomalies were included. The modeled effects of climate variability on the seasonal influenza outbreak also
differed by climate. In temperate regions, we observed a unimodal relationship between the severity of an
anomaly and its impact on the projected outbreak, whereas in tropical regions, influenza transmission was high
under both cold, low‐absolute humidity and hot, high‐absolute humidity conditions. This suggests that while both
temperate and tropical regions are vulnerable to climate variability, tropical locations in this analysis experienced
multiple periods of heightened sensitivity while temperate locations experienced only one. This finding was
further illustrated by comparing the total proportion infected: although a climate anomaly may not alter the
maximum peak size, it can still affect the total infected population, with implications for healthcare system ca-
pacity and influenza‐related mortality. While our study focused on dense urban areas, it is unlikely that the
observed effects of the anomaly on outbreak peak are limited to a particular population density setting. There may
be variation in the population size and mobility in less population dense locations, however this may be mitigated
by calibrating the model to historic influenza and climate information. This analysis may be adapted in additional
locations, and other model parameters may be included to account for differences in population density or
mobility patterns.

Accounting for climate change impacts on infectious disease is vital for public health planning. In addition to
preparing for shifts in outbreak patterns due to projected average weather changes, it is critical to also recognize
the impact of climate variability on infectious disease outbreaks. While projections estimating average climate
values help predict overall shifts in seasonal infectious disease patterns, climate variability is also expected to
increase under climate change regimes (Field et al., 2012). Capturing the potential acute effects of climate
anomalies on influenza outbreaks can inform public health preparation today and into the future as we continue to
experience a changing climate. Our analysis found that a single week of anomalous absolute humidity just before
the typical outbreak peak had a significant impact compared to other timings. Awareness of such anomalies could
serve as a location‐specific early warning for areas during influenza season (National Research Council (US)
Committee on Climate, 2001). If a location experiences an anomalously low period of absolute humidity before
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the typical influenza outbreak peak, public health officials can alert healthcare facilities about a potential increase
in influenza transmission and cases. Extreme anomalies had a greater impact on relative outbreak size, high-
lighting the importance of preparing for increasing climate variability. More broadly, understanding the impact of
extremes on infectious disease outbreaks is crucial as part of preparing for climate change.
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