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Materials and Methods: 
Data 

We used weekly temperature, relative humidity and atmospheric pressure data for each city from 
Dark Sky (https://darksky.net), to calculate specific humidity, via the R package ‘humidity’ 
(https://cran.r-project.org/web/packages/humidity/index.html). Population sizes and Longitudinal 
Employer-Household Dynamics Origin-Destination Employment Statistics (LODES) commuting 
data are from the US Census (www.census.gov). Socioeconomic data are from (27). Vaccination 
coverage data are from US Centers for Disease Control and Prevention (CDC; 
www.cdc.gov/flu/fluvaxview). 

SEIRS Model 
The SEIRS model shown in Figure 2 is given by the following system of ordinary differential 
equations: dS/dt = -N-1βSI + δ(N – S – E – I), dE/dt = N-1βSI – εE, dI/dt = εE – γI, where δ = 1/52 
weeks-1 is the immune waning rate, ε=7 weeks-1 is the rate of becoming infected following 
exposure (i.e. the expected amount of time that an individual spends in the exposed class is 1/7 
weeks = 1 day), and γ=7/2 weeks-1 is the rate of recovery from infection (i.e the expected 
duration of infectiousness is 2 days), yielding a mean generation time of 3 days. In Figure 2C, 
κ0=4, σ=4, and ω=40. Specific humidity was simulated as q(t) = A cos(2π (t - 5)/52) + B, which 
closely matches the data for the US (fig. S9). Figure 2C uses values of A = 0.0086, B=0.012 for 
the lower κ (red curve) and A = 0.0068, B = 0.010 for the higher κ (blue curve), approximating 
specific humidity cycles in Atlanta and Manhattan respectively (fig. S9). We integrated the 
model forward for six years from initial conditions of 68% susceptible and 1 infected individual, 
to remove transient dynamics, then display a further six years of time evolution. 

Fitting the model to the ILI data 
Let Iij represent the number infected in week i of season j. We calculated observed Iij from the 
ILI incidence data by multiplying the incidence in each week by city population size, N, and 
rounding up to the nearest integer value.  

Let Sij represent the number susceptible in week i of season j, which is unobserved. We estimate 
Sij from incidence data by assuming that the number of individuals who are susceptible declines 
monotonically over each season, proportional to cumulative incidence (35). Representing 
cumulative incidence by, 	𝑃#$ =

&
'
∑ 𝐼*$#
*+,  and letting S0j represent the unobserved initial 

number susceptible yields Sij = S0j exp(-ρiPij), where the reporting parameter ρi describes the 
time-varying rate which transmission decreases with increasing cumulative incidence each 
season, dynamically adjusting for false positives and unreported cases (35). When fitting the 
model, we constrain ρ to have to alternate between two city-specific constants, one for peak 
influenza season, and one for the rest of the year (see below). The expected initial number 
susceptible is set to S0j=0.68N, taken from (24).  

The time-series model is given by Ε.𝐼#/&,$1 = 𝛽#$
345
'
𝐼#$6 , where E[] represents the expected value 

of a random variable. , and 𝛽#$ = 𝜅 +	𝜎$𝑒;<=45	represents the discretized version of the 
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transmission function with specific humidity qij and season-specific transmission gain σj. 
Variation in σ is driven by strain differences in transmissibility from year to year. 

The exponent α that appears in the time-series model is not part of the transmission function, but 
rather corrects for distortions resulting from discretizing the underlying continuous time 
branching process of contagious spread (36, 37). These distortions scale with the number of 
cases, so by design α affects large numbers of cases more severely, but it does so in the same 
way both within and across cities. We set α=0.8 for all cities, to allow comparison of the 
transmission parameters across cities. 

We confirmed that the observed scaling of κ with population size is not an artifact of α’s impact 
on cities of different sizes by also fitting the time-series model to the incidence data for each city 
while holding population size constant, verifying that the positive relationship between actual 
population size and base transmission is preserved. We also note that base transmission is a 
much more powerful predictor of epidemic intensity than population size alone (Figure 3G), 
which suggests it is not an artifact of fitting the model to populations of different sizes. 

Substituting the susceptible dynamics into the time series equation and log transforming 
produces  

log E[Ii+1,j] = log (κ + σj exp(-ωqij) ) + log S0j - ρiPij – log N + α log Iij (1) 

which we approximate by a piecewise linear function  
log E[Ii+1,j] = log κ – ω1qij + log S0j – ρ1Pij – log N + α log Iij,                q large (off-peak season)

log E[Ii+1,j] = log (κ+σj) – ω2qij + log S0j – ρ2Pij – log N + α log Iij,    q small (peak season)  (2) 

that becomes exact for q=0, and as q becomes large (fig. S10). 
Whereas the transmission and reporting terms term in equation (1) are nonlinear, the 
approximation is linearized and can thus be fitted to data using robust techniques (i.e. 
generalized linear models). Importantly this approximation yields a good correspondence 
between model and data under forward simulation (Fig 3C,D, fig. S3). The two pieces of the 
function represent off-peak and peak season for influenza transmission respectively, as reporting 
rates and seasonal transmission gains (e.g. due to antigenic shifts) vary concurrently with 
specific humidity. 

The corresponding generalized linear model has the form: 

Yi+1,j = a·Wij + b·Xijqij + c·XijPij + Oij + Zij (3) 
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where Yij = log[Iij], a is a parameter vector with seven elements, a = [log(κ), log(κ+σ1), … , 
log(κ+σ6)], Wij is a design vector with seven elements which indicates whether the data point 
associated with (i,j) is in the off-peak regime, or in one of the six influenza seasons in the data. 
The parameter vectors b and c are given by b = [ω1, ω2], c = [ρ1, ρ2] and the two-element design 
vector Xij indicates whether the point associated with (i,j) is in the off-peak or peak influenza 
season.  

The model contains an offset term Oij = log(<S0j>) – log(N) + αYij , where <S0j> = 0.68N 
represents the expected population-level initial susceptibility each season, taken from (24). The 
error term Zij = Dj + ξij captures noise, as well as latent seasonal variation in initial susceptibility 
Dj = log(S0j) – log(<S0j>). E[Dj] = 0 and E[ξij]=0 by definition, so E[Zij] = 0.  Adapting the 
approach of (35), we define the peak influenza season to extend from 5 weeks before, to 5 weeks 
after the peak observed incidence each season. 

Comparing statistical models of epidemic intensity 

AIC scores shown in Figure 3G are the results of fitting Generalized Linear Models (GLM) of 
the form log(ν) ~ X*<q>*σq + <q>2 + σq2 where v is our Shannon-diversity measure of 
epidemic intensity derived from the ILI time series, X is either log(κ) or log(N), <q> represents 
mean specific humidity in kg/kg, σq is the standard deviation in specific humidity, and the 
notation A*B for two terms means their main effects plus two-way interactions. An identity 
function was used as the link function. Instead of using κ fitted from incidence data, here we use 
the predicted value of κ from a fit to population size and crowding (Figure 3F), so that 
explanatory variables (κ, N) are derived from separate datasets on demography and climate and 
are entirely independent from the outcome of interest (ILI epidemic intensity). The GLMs were 
compared using differences in Akaike Information Criteria (ΔAIC), where larger values indicate 
models with poorer relative support, and ΔAIC>4 indicates weak relative support.   
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Figure S1. Correlations in epidemic intensity between years in 97 cities in the United States. 
Data are from Google Flu Trends (https://www.google.org/flutrends/about/data/flu/us/data.txt). 
The red line shows the empirical probability density. Grey lines show the distribution for 100 
null simulations, where intensities in each season were randomly shuffled among cities. 
Epidemic intensities in cities are more correlated across years than would be expected by chance. 
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Figure S2. The rate of loss of viral viability due to specific humidity depends nonlinearly on 
the time elapsed. Assuming a diffusive process, as the spatiotemporal distance between 
shedding and uptake decreases, the impact of specific humidity becomes less profound. Points 
show data from (45). Lines show the function  
f(q) = exp(-ω(h) q) where ω(h) is the specific loss rate due to specific humidity observed after h 
hours, fitted by generalized linear models (on a log scale with an identity link function.) From 
h=1 to h=6 hours elapsed, the fitted values for ω(h) are: 42.00, 90.73, 127.48, 230.21, 282.31, 
547.10. 
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Figure S3. Scatter density of observed versus simulated ILI across all cities, with higher 
density indicated with warmer colors. (A) Using parameters estimated from the full six years 
of data in each city to predict the full six years. (B) Out-of-sample: simulating the final two years 
of data using parameters fitted from the first four years. In this case, values for σ5 and σ6 are 
taken as the mean of the fitted values over the previous four years. 
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Figure S4. Observed and simulated ILI incidence in the nine largest cities in the data, 
labelled by their three-digit ZIP codes.  Black points show forward simulations using the fitted 
parameters. Gray points show 100 replicate simulations using κ’s randomly chosen from other 
cities. 
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Figure S5. As in Figure 3F but showing uncertainty in estimates of κ within each city. 
Vertical lines span two standard errors in the estimate of κ for each city. 
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Figure S6. Modeling the impact of climate change, urbanization and vaccination on 
epidemic intensity. All parameters are the same as in Fig 2, unless otherwise stated. (A) 
Increasing the amplitude of specific humidity cycles by up to 1.5 times the 2002-2008 US mean 
(i.e. going from the blue curve to the red curve in the bottom right inset, wherein the black 
polygon encloses specific humidity data US cities from 2002-2008). Higher amplitude cycles 
correspond to warmer colors in the plot. (B) As in (A), but allowing base transmission potential 
to increase concurrently by up to a factor of 1.1. (C) As in (A) but modeling vaccination by 
changing the equation for susceptible dynamics to dS/dt = -N-1βSI + δ(N – S – E – I) – dV/dt. 
The rate of change in fraction vaccinated is given by dV/dt = v´exp(-0.02(t- 25)2) where time t is 
modulo 52 weeks and the nonspecific vaccination parameter v controls the overall impact of 
vaccination on the susceptible fraction. Vaccination moves individuals from the susceptible 
compartment to the removed compartment, where they are subject to the same immune waning 
conditions as if immunized by infection. The figure shows dynamics for the range 0<v<5. The 
shape of V(t) is shown in grey. (D) Associated changes in epidemic intensity for each 
experiment. Vaccination could mimic the population-level immunogenic consequences of 
increased base transmission potential, buffering against increases in epidemic intensity driven by 
increased amplitude in climate fluctuations. Considerable geographic and temporal uncertainty in 
climate predictions hinders precise assessment of resulting changes in flu dynamics, however 
increasing average temperature is expected to increase amplitude of SH cycles (46). 
Correspondingly, our simulations cover the full range from no change in amplitude, to extreme 
changes in amplitude associated with multidegree increases in mean temperature. 
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Figure S7. Correlations between epidemic intensity and socioeconomic conditions are 
enhanced by underlying variation in population size and crowding, which drive differences 
in base transmission potential. Median household income is higher, and epidemic intensity 
lower, in larger, more highly organized populations associated with urban centers. However, the 
majority of variation in intensity is associated with variation crowding and population size 
(moving horizontally on graph) rather than income per se (moving vertically on graph). 
Residential crowding is the same as shown in Figure 3E. Median household income is taken 
from US Census for the year 2000.  
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Figure S8. Variation among cities in epidemic intensity is not associated with state-level 
variation in vaccination coverage. Circle size is proportional to city population size, revealing 
the underlying association between epidemic intensity and population size. Reported mean 
proportion vaccinated is the mean for each state from 2010-2016, values for cities were 
interpolated from state-level data by assigning cities the value of their state. 
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Figure S9. Specific humidity data (black circles) in Atlanta and Manhattan compared to 
the approximating function q(t) = A cos(2π (t - 5)/52) + B (red lines). The top panel uses A = 
0.0086, B=0.012 and the bottom panel A = 0.0068, B = 0.010. 
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Figure S10. Approximating the transmission rate function. The original function β(q) = κ + 
σe-ωq (red), is approximated with a piecewise function composed of b1(q) = (κ + σ)e-ω1q when q 
is small (yellow) and b2(q) = κe-ω2q when q is large (blue).  Parameter values: κ = 3, σ = 3, 
ω=180, ω1=70, ω2=0. 
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Table S1. Summary statistics on the means of fitted model parameters across cities. Confidence 
intervals for base transmission rate κ in each city are shown in figure S5. 

Parameter Meaning 
25th 

percentile Median Mean 
75th 

percentile 
Correlation with population size 

(Spearman's ρ) 

κ Base transmission potential 5.59 6.54 6.76 7.72 0.85 

σ1 Transmission gain 02/03 5.39 8.25 9.87 12.72 0.27 

σ2 Transmission gain 03/04 7.45 10.31 11.28 14.36 0.18 

σ3 Transmission gain 04/05 8.47 11.49 12.51 15.53 0.29 

σ4 Transmission gain 05/06 7.17 9.85 10.37 12.55 0.27 

σ5 Transmission gain 06/07 6.27 8.58 9.13 11.16 0.24 

σ6 Transmission gain 07/08 8.57 12.32 13.45 16.67 0.14 

ρ1 Off-peak reporting  0.06 0.19 0.22 0.38 -0.06 

ρ2 Peak reporting 3.12 4.36 5.02 6.28 -0.13 

ω1 Off-peak loss rate 4.13 6.14 6.77 8.93 0.08 

ω2 Peak loss rate 13.89 26.81 26.82 38.69 0.03 
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