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Background. Prior literature suggests that cold temperature strongly influences the immune function of animals and human 
behaviors, which may allow for the transmission of respiratory viral infections. However, information on the impact of cold stimuli, 
especially the impact of temporal change in the ambient temperature on influenza virus transmission, is limited.

Methods. A susceptible-infected-recovered-susceptible model was applied to evaluate the effect of temperature change on 
influenza virus transmission.

Results. The mean temperature of the prior week was positively associated with the number of newly diagnosed cases (0.107 
[95% Bayesian credible interval {BCI}, .106–.109]), whereas the mean difference in the temperature of the prior week was negatively 
associated (−0.835 [95% BCI, −.840 to −.830]). The product of the mean temperature and mean difference in the temperature of the 
previous week were also negatively associated with the number of newly diagnosed cases (−0.192 [95% BCI, −.197 to −.187]).

Conclusions. The mean temperature and the mean difference in temperature affected the number of newly diagnosed influenza 
cases differently. Our data suggest that high ambient temperature and a drop in the temperature and their interaction increase the 
risk of infection. Therefore, the highest risk of infection is attributable to a steep fall in temperature in a relatively warm 
environment.
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Respiratory viruses cause seasonal epidemics and impose a sig-
nificant burden on society. For example, an influenza season in 
the United States has been reported to lead to approximately 334 
000 admissions and could cause an annual financial loss of 87.1 
billion dollars, including projected statistical life values [1]. 
Influenza virus infection is a significant cause of mortality in 
high-risk populations, such as the elderly, as evidenced by 
>67% of influenza virus–associated fatalities occurring in those 
aged >65 years [2]. Therefore, it is essential to understand the 
mechanism of viral spread that causes infection, in order to re-
duce the excessive mortality caused by the virus infection.

Previous reports have suggested that humidity and ambient 
temperature affect the spread of the influenza virus [3–20]. 
Inhalation of cold air, which is always dry, decreases the muco-
ciliary clearance of inhaled viruses from the upper respiratory 
airways [21]. Other suggested mechanisms of increased 

susceptibility to influenza virus infection include decreased 
host immune function by cold exposure [22]. While the exact 
influence on humans has been controversial, evidence from ro-
dents and other animal models demonstrated a decrease in im-
mune cell function by cold exposure, leading to increased 
respiratory virus infections [23]. Moreover, epidemiological 
studies have consistently shown the seasonality of influenza vi-
rus spread in the winter in a temperate climate [6, 17]. 
However, most of the studies so far have only evaluated the ef-
fect of low ambient temperature on the transmission and 
spread of the virus [3–15], and the number of studies focusing 
on the degree of change in ambient temperature has been lim-
ited [16–20]. Therefore, we constructed a model that evaluates 
the effects of both temperature and its degree of change.

METHODS

Data Collection

We collected data from a publicly available database of the 
National Institute of Infectious Diseases of Japan that reports 
on the prefectural sentinel surveillance of newly diagnosed pa-
tients infected with influenza virus between 10 September 2012 
and 21 February 2021 [24]. This report started in 1999 based on 
the legal mandate that reports the incidence of influenza virus 
infection over 5000 designated sentinel surveillance points 
spread throughout Japan. All influenza cases diagnosed at des-
ignated medical facilities are incorporated in the data. The di-
agnostic criteria included a presentation of all 4 clinical 
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symptoms (sudden onset of clinical symptoms, high fever, up-
per respiratory symptoms, and systemic symptoms including 
general malaise) suggestive of influenza or part of clinical 
symptoms together with positive test results for the rapid anti-
gen kit, which used either nasal aspirates, nasal wipes, or pha-
ryngeal wipes [25].

The reported numbers were adjusted to the number per 
100 000 population per week using the Dynamic Surveys of 
Medical Institutions and Hospital Report and the National 
Census [26]. The dynamic surveys of medical institutions and 
hospital reports are updated every 3 years. Therefore, we 
used the latest information for the corresponding season. The 
population was standardized using data from the national cen-
sus survey result of 2015 [27].

The number of newly diagnosed influenza patients per pre-
fecture per week was calculated based on the following equa-
tion (Supplementary Table 1):

Iij =
hi × rpij

Pi
× 100 000 (1) 

where the I is a standardized number of newly diagnosed pa-
tients with influenza virus infection of week j ( j = 1, …, 408) 
in prefecture i (i = 1, …, 47), h is the number of medical insti-
tutions or hospitals, rp is the number reported positive for in-
fluenza virus infection, and P is the population.

Data for ambient temperature were downloaded from the 
database of the Japan Meteorological Agency [28]. An index 
point per prefecture was decided, and the temperature for the 
corresponding period was obtained for that index point 
(Supplementary Table 2). The average temperature was calcu-
lated according to the weekly period corresponding to the sen-
tinel surveillance period.

Model Simulation

Using the data obtained as explained above, we created a sim-
ulation model to evaluate the effect of temperature and its 
changes on the spread of influenza virus. Factors included in 
the model to predict the number of newly infected cases of in-
fluenza virus infection were the transmissibility of the virus it-
self, the population at risk of infection, and the number of those 
with the infection in the population.

Our model was based on a deterministic susceptible-infect-
ed-recovered-susceptible (SIRS) model with Bayesian parame-
ter fitting. We used the number of newly diagnosed patients 
with influenza virus infection per 100 000 population per 
week, modified from preceding reports [29, 30]. Details of 
the SIRS model are described in the Supplementary Material.

We hypothesized that the transmission rate β is determined 
by the temperature and an unknown regional factor that fol-
lows the equation:

logβij = b1LMT + b2DMT + b3LMTDMT + b4i (2) 

where b1, b2, and b3 are regression coefficients and b4i is the in-
tercept that determines the regional factor for the individual pe-
riods. The lagged mean temperature (LMT) stands for the 
average temperature of the preceding week, and the differentiat-
ed mean temperature (DMT) stands for the difference between 
the average temperature of the preceding week compared to 
the week prior. Therefore, LMT represents the cold ambient 
temperature, and DMT represents a cold stimulus. Overall, the 
current model incorporates low temperature, change in temper-
ature, and regional factors as possible determinants of influenza 
virus transmission rate β in a log-like function.

We then hypothesized that LMT and DMT are the main fac-
tors contributing to influenza virus transmission. To identify 
the best model that describes the effect of each of these factors, 
we constructed the following 3 models: (1) a model that in-
cludes LMT and DMT as well as the interaction of LMT and 
DMT (model 1); (2) a model that includes only LMT and 
DMT (model 2); and (3) a null model that includes only the re-
gional factor and not LMT or DMT (model 3). We hypothe-
sized that a proportion of the susceptible population at the 
start of the assessment (Si1) was 65% of the regional population 
[31, 32].

Data Analysis

The comparison of the fit of the model was based on the devi-
ance information criterion (DIC), where the smallest DIC sug-
gests the recommended model.

The point estimate of each parameter was calculated using 
the posterior mean, and the uncertainty in the model was eval-
uated using the 95% Bayesian credible interval.

The analysis and model creation was performed using 
Python version 3.7 and Tensorflow Probability 0.13.

RESULTS

Number of Influenza-Infected Patients and Local Ambient Temperature

During our evaluation period between 10 September 2012 and 
21 February 2021, the reported average weekly new cases of in-
fluenza virus infection per 100 000 population were 419.9 cases, 
with a maximum of 7639.9 cases. There was a tendency for a 
higher frequency of infection reported in the southwestern dis-
trict of Japan. This southwestern district includes the top 3 pre-
fectures where the number of weekly cases per 100 000 
population was highest: Oita (558.78 cases), Nagasaki (545.28 
cases), and Okinawa (543.25 cases).

The average temperature during this period was 15.65°C and 
varied between 9.337°C and 23.476°C depending on the dis-
trict. The number of newly diagnosed influenza patients per 
100 000 population and ambient temperature distributions 
are shown in Supplementary Tables 1 and 2, respectively.

We identified 8 peak incidences of influenza virus infection 
during our observation period. During winter (between 
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January and March), the influenza virus infection rate was 
higher than in summer. The temperature was highest during 
the summer between July and September.

Fitness of the Model

Table 1 shows the results of DIC for the 3 models constructed. 
This result shows that model 1 has the most superior fit to the 
other 2 models. Therefore, our result suggests a temporal chan-
ge in the transmission rate of the virus throughout Japan, and 
the transmission rate varied following the absolute tempera-
ture, the change in the ambient temperature, and their 
interaction.

Effect of Temperature on the Rate of Influenza Transmission

Table 2 shows the result obtained from constructing model 
1. The result shows that the transmission rate of the influenza 
virus is negatively associated with DMT and the interaction be-
tween LMT and DMT. On the other hand, LMT is positively 
associated with influenza virus transmission. Therefore, the ef-
fects of LMT and DMT are dependent on each other.

Figure 1 is a graphical representation of the results of our model, 
showing the result of β when either the LMT (Figure 1A) or the 
DMT (Figure 1B) was fixed at its mean value (LMT: 15.65°C, 
DMT: 0°C). Figure 1A shows that a large drop in temperature caus-
es the most significant increase in the transmission rate of the virus. 
Figure 1B shows the change in β according to the mean ambient 
temperature, showing that the transmission rate of the virus in-
creases with higher temperatures. As represented by Oita in 
Figure 2B, cities in the southwestern part of Japan have a higher 
mean ambient temperature, leading to a higher transmission rate 
than cities in other parts of Japan, such as Tokyo (Figure 2A).

DISCUSSION

We evaluated the effect of ambient temperature and the change 
in the ambient temperature and their interaction on the rate of 
influenza virus transmission in Japan. Our result shows that all 
3 factors included in the model—LMT, DMT, and the interac-
tion of LMT and DMT—are essential factors associated with 
the transmission of the influenza virus.

Influenza virus infections are mainly caused by droplet 
and contact infections. A previous study showed that in a low- 

temperature environment, the phospholipids of the virus become 
more ordered, which may improve the stability of the virus in air-
borne transmission [33]. Another laboratory study showed that the 
viral spread is enhanced in low-temperature environments and 
that cold, dry weather conditions are more likely to favor influenza 
virus infection because they may increase the survival rate of influ-
enza viruses [34]. These results suggest that influenza viruses are 
more prevalent in temperate, cold, and dry weather conditions 
due to the improved survival rate of the viruses.

Previous studies show growing evidence that temperature is 
closely linked to influenza virus infection [3–20]. Many studies 
have shown a relationship between low ambient temperature 
and the influenza virus epidemic, which contradicts our current 
results that showed a weak positive relationship between influ-
enza virus spread with LMT. However, a major difference be-
tween our study and prior studies is that we have also 
included the effects of temperature change and its interaction 
with LMT in our model. Hence, our results suggest that a sud-
den drop in the ambient temperature directly affects the physi-
ology of the human body that interacts with the susceptibility to 
influenza virus infection. An influenza virus epidemic is known 
to cause a significant amount of death, and therefore we may 
speculate that a sudden drop in temperature could affect the 
transmission rate of the influenza virus, leading to excessive 
mortality as evidenced by the fact that a sudden drop in temper-
ature has been reported to increase the risk of death [35]. 
Another explanation for the difference in the results obtained 
could be explained by the robustness of the data used in our 
analysis compared to previous reports in terms of the use of 
data spanning multiple seasons, as well as the difference in tem-
perature by using data obtained from the whole country.

Other studies have reported similar results to our findings. 
Observational studies from Sweden and Finland examined 
the association between cold stimuli and influenza, which 
showed a robust negative effect of DMT, consistent with the 
findings of our current study [19, 20]. Overall, our findings 
add to the results from previous reports that the addition of 
change in the temperature affects the influenza transmission 
rate, which may explain previously unexplained epidemic pat-
terns proposed in prior literature [36].

Table 1. Model Comparisons for Influenza Cases in Japan, 10 September 
2012 to 21 February 2021, Using Deviance Information Criterion

Description of Models pD DIC

Regional variables and temperature variables  
with an interaction term

50.3 3 883 135

Regional variables and temperature variables  
without an interaction term

49.0 3 889 663

Regional variables only 48.0 4 076 986

Abbreviations: DIC, deviance information criterion; pD, effective number of parameters in 
the model.

Table 2. Posterior Mean of the Parameters Included in Model 1 and Their 
95% Credible Intervals

Parameter Definition
Posterior Mean  

(95% BCI)

b1 Effect of LMT on transmission rate 0.107 (.106–.109)

b2 Effect of DMT on transmission rate −0.835 (−.841 to −.829)

b3 Effect of interaction between LMT 
and DMT on transmission rates

−0.192 (−.197 to −.187)

u Constant percentage of recovered 
transfer to susceptible

0.010 (.010–.010)

Abbreviations: BCI, Bayesian credible interval; DMT, differentiated mean temperature; 
LMT, lagged mean temperature.
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In temperate climates, where temperatures change 
throughout the year, influenza epidemics that last for an av-
erage of 3.8 months occur in winter when ambient tempera-
tures drop, regardless of the country [37]. However, other 
climate zones, including tropical and subtropical climates, 
have also shown a tendency for influenza to spread when 
temperatures drop [14, 15]. Our results showing the interac-
tion of decreasing temperatures in high-temperature zones 
and prior evidence of epidemic patterns in both temperate 
and other climate zones suggest that the influenza epidemic 
pattern may be shaped by cold stimuli rather than simple 
low temperatures.

This study had several limitations. First, we could not control 
for social factors such as demographic changes, population in-
flow or outflow, and vaccination rates. Recent studies have 
shown that a decrease in vaccination coverage is associated 
with increased influenza incidence [38]. However, our study fo-
cused on influenza epidemics over a long period of 8 years in 
multiple locations, reducing the effect of such factors. 
Second, our analysis also did not include other climate factors, 
such as humidity. Humidity is a climate factor that has been 
shown to impact the viral transmission rate significantly [39]. 
Therefore, additional validation is needed to assess the impact 
of cold stimuli compared to other climate factors. Finally, this 

Figure 1. Relationship between changes in differentiated mean temperature (DMT) (A) or lagged mean temperature (LMT) (B) and the transfer rate. The black line is the 
average for each region, and the shaded area represents the range for each region, with the 2.5th percentile value as the lower limit and the 97.5th percentile value as the 
upper limit. A, LMT is fixed at 15.65°C, and B, DMT is fixed at 0°C, the average temperature in Japan.

Figure 2. The following planes in 3 dimensions show the posterior means of influenza transmission rates in 2 regions of Japan according to lagged mean temperature (LMT) and 
differentiated mean temperature (DMT). A, Tokyo, the central city of Japan. B, Oita, located in the southwestern part of Japan, with the largest posterior mean of regional pa-
rameters. The fact that the axial range of LMT is 30.0°C whereas DMT is 3.0°C shows that even a slight change in DMT has a significant effect on the transfer rate β.
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study is based only on Japanese epidemiological information. 
While this may be a limitation, the Japanese climate spans be-
tween subarctic and subtropical zones due to its geographic lo-
cation, with the majority residing in the temperate climate 
zone. Japanese society is also characterized by relatively small 
economic and health disparities [40]. These characteristics, tak-
en together, could explain why we were able to identify climate 
effects as being significant in our study.

This study evaluated the effect of ambient temperature and 
its change on the influenza virus transmission rate using data 
from the sentinel surveillance performed in various parts of 
Japan over 8 years. The result showed that, contrary to a previ-
ous hypothesis that cold temperature alone affects the spread of 
the influenza virus, both high ambient temperature and a drop 
in the temperature and their interaction increase the risk of in-
fection. The drop in the ambient temperature was a more po-
tent effector on the influenza virus transmission rate. Our 
result provides a novel explanation and potential for predicting 
influenza virus outbreaks during the influenza season.

Supplementary Data
Supplementary materials are available at Open Forum Infectious Diseases 

online. Consisting of data provided by the authors to benefit the reader, the 
posted materials are not copyedited and are the sole responsibility of the 
authors, so questions or comments should be addressed to the correspond-
ing author.
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