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Bacterial (meningococcal) meningitis is a devastating infectious disease with out-
breaks occurring annually during the dry season in locations within the ‘Meningitis
Belt’, a region in sub-Saharan Africa stretching from Ethiopia to Senegal. Meningo-
coccal meningitis occurs from December to May in the Sahel with large epidemics
every 5–10 years and attack rates of up to 1000 infections per 100,000 people. High
temperatures coupled with low humidity may favor the conversion of carriage to dis-
ease as the meningococcal bacteria in the nose and throat are better able to cross the
mucosal membranes into the blood stream. Similarly, respiratory diseases such as in-
fluenza and pneumonia might weaken the immune defenses and add to the mucosa
damage. Although the transmission dynamics are poorly understood, outbreaks regu-
larly end with the onset of the rainy season and may begin anew with the following dry
season. In this paper, we employ a generalized additive modeling approach to assess
the association between number of reported meningitis cases and a set of weather vari-
ables (relative humidity, rain, wind, sunshine, maximum and minimum temperature).
The association is adjusted for air quality (dust, carbon monoxide), as well as varying
degrees of unobserved time-varying confounding processes that co-vary with both the
disease incidence and weather. We present the analysis of monthly reported meningitis
counts in Navrongo, Ghana, from 1998–2008.
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Vanja Dukić (�) is Associate Professor, Department of Applied Mathematics, University of Colorado, Boul-
der, CO, USA (E-mail: Vanja.Dukic@Colorado.edu). Mary Hayden is Scientist, Tom Hopson is Scientist,
and Andrew Monaghan is Scientist, National Center for Atmospheric Research, Boulder, CO, USA. Abudulai
Adams Forgor is Director, War Memorial Hospital, Navrongo, Ghana. Patricia Akweongo is Health Economist,
and Abraham Hodgson is Director, Navrongo Health Research Centre, Navrongo, Ghana. Christine Wiedinmyer
is Principal Investigator, Tom Yoksas is Head of User Support at Unidata Program Center, and Raj Pandya is
Spark Director, University Corporation for Atmospheric Research, Boulder, CO, USA. Madeleine C. Thomson is
Director of Impacts Research, Co-Director of Africa Program and Senior Research Scientist, and Sylwia Trzaska
is Associate Research Scientist at the Center for International Earth Science Information Network, The Interna-
tional Research Institute, Columbia University, New York City, NY, USA.
Mary Hayden joint first authorship.

© 2012 International Biometric Society
Journal of Agricultural, Biological, and Environmental Statistics, Volume 17, Number 3, Pages 442–460
DOI: 10.1007/s13253-012-0095-9

442

mailto:Vanja.Dukic@Colorado.edu
http://dx.doi.org/10.1007/s13253-012-0095-9


THE ROLE OF WEATHER IN MENINGITIS OUTBREAKS IN NAVRONGO, GHANA 443

1. INTRODUCTION: MENINGITIS IN AFRICA

Meningitis is endemic across the Sahel region of Africa. In locations within the ‘menin-
gitis belt’, a region in sub-Saharan Africa stretching from Ethiopia to Senegal (Fig-
ure 1), outbreaks of meningococcal meningitis (Neisseria meningitides) occur annually
during the dry season (Lapeyssonnie 1963; Greenwood 1999). Meningococcal meningi-
tis typically occurs between December and May in the Sahel, with large, periodic epi-
demics every 2–10 years. The historical attack rates range from 10 to 1,000 infections per
100,000 people, with a case fatality rate of approximately 10 % (Greenwood et al. 1987;
Moore et al. 1989). Although there are several subtypes of Neisseria meningitides, called
serogroups, most epidemics are attributed to the meningococci of serogroup A. The levels
of endemicity observed regularly in the Sahel region would be considered epidemic in the
developed world (Molesworth et al. 2003).

The dynamics of the transmission of meningitis in the Sahel are poorly understood, and
likely the result of a myriad of interacting factors, such as new strain introduction, popula-
tion susceptibility to a new serogroup, previous infections which may predispose a person
to meningitis, socio-economic status, migration, and environmental conditions. Nonethe-
less, several studies point to the importance of weather-related influences on disease-
transmission. Early research by Lapeyssonnie (1963) noted the occurrence of epidemics
during the dry, dusty season, and it is hypothesized that high temperatures coupled with
low humidity may favor the conversion of benign meningococcal meningitis bacteria in
the nose and throat to a pathogenic by damaging the mucosa and lowering the immune
defense (Greenwood et al. 1984; Moore 1992; Greenwood 1999). Since then, several other
researchers have hypothesized links between weather and meningitis, most notably Chees-
brough et al. (1995), Molesworth, Cuevas, and Thomson (2002), Besancenot, Boko, and
Oke (1997), Molesworth et al. (2003). Sultan et al. (2005a, 2005b, 2005c, 2007), Yaka et
al. (2008), Roberts (2008), Thomson et al. (2006), and Cuevas et al. (2007). It is fairly
well accepted that outbreaks in areas of hyperendemicity tend to end abruptly with the in-
creased humidity associated with the onset of the rainy season, and may begin anew with
the following dry season.

Importance of the relationship between weather and meningitis is particularly high-
lighted within the context of climate change, where global warming and altered pre-
cipitation patterns may indicate favorable conditions for meningitis spread in the fu-
ture. Based on the ensemble mean of 21 models, the near-surface temperatures in sub-
Saharan Africa are projected to continue warming at a rate of about 0.25–0.35 de-
gree Celsius per decade, with temperatures at the end of the 21st century about 3 de-
gree Celsius warmer than at the beginning of the century (Christensen et al. 2007;
Trenberth et al. 2007). Rainfall projections based on ensemble means of two most re-
cent IPCC AR4 models are highly uncertain (Christensen et al. 2007), with half of the
models projecting an increase, and half decrease in the annual rainfall for the region. Con-
sequently, the decreasing rainfall trends and more severe drought conditions that were ob-
served in the region during the 20th century (Trenberth et al. 2007) may continue in the
21st century.
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In addition to weather variables (such as relative humidity) thought to be related to
meningitis incidence, disease and pollution may contribute to incidence of meningitis. It
has been observed that outbreaks of meningitis are often preceded by high incidence of
respiratory diseases such as pneumococcal pneumonia, which may weaken the immune
system and further damage the mucous membranes (Moore et al. 1990). In the northern
region of Ghana, Hodgson et al. (2001) found that exposure to smoke from cooking fires
increased the risk of contracting meningococcal meningitis. This increased risk suggests
that exposure to elevated concentrations of air pollutants, such as carbon monoxide (CO)
and particulate matter, may be linked to illness. However, more research is needed to better
understand other potential sources of pollution and their relative contributions to illness.
Sources of air pollutants in the region occur at local scales (e.g., cooking, local dust) and
regional scales (e.g., biomass burning, large-scale dust events), and their linkages to menin-
gitis are not well understood.

The current efforts in controlling meningitis are mostly focused on vaccination,
and therefore identifying populations at risk using epidemiological and microbiological
surveillance as well as forecasting systems, remains a public health priority. As a part of
that effort, understanding the role that weather variables play in a meningitis outbreak
is crucial. Reliable weather forecasts may be used to guide vaccine allocation before the
meningitis season starts, and coordinate other intervention strategies. However, as an in-
fectious disease, meningitis is spread through contact, and consequently, behavior of the
population, contact networks, and social activity are all expected to be related to inci-
dence of meningitis. These “societal and behavioral processes”, may also be related to
weather, as they are often seasonal in nature. For example, farm workers often migrate
from northern to southern Ghana during the Sahelian dry season to help with the harvest in
the south (Hayden et al. forthcoming). Hence, these processes are potentially time-varying
confounders, and failure to account for them could result in biased estimates of weather
effects, and potentially futile interventions.

The research presented in this paper is a step toward the goal of understanding the as-
sociation between several key weather variables and meningitis outbreaks, and providing
a basis for further development of reliable disease activity forecasts in an effort to reduce
the spread of meningitis. This paper focuses on assessing the relative impact of environ-
mental factors, including weather, on meningitis, via a generalized additive model (GAM)
framework, linking meningitis case counts to a set of weather variables (relative humidity,
rain, wind, sunshine, maximum and minimum temperature), while adjusting for several air
quality variables (dust, CO emissions from fires) as well as for the unobserved time-varying
confounding processes. We present the results based on 11 years of meningitis outbreak
and meteorological data in Navrongo, Ghana (Figure 1).

2. DATA

The data were collected by researchers (and co-authors) at the Navrongo Health Re-
search Centre (NHRC). The NHRC is located in Navrongo, near Ghana’s northern border
with Burkina Faso, in the Kassena-Nankana District (KND) of the Upper East Region of



THE ROLE OF WEATHER IN MENINGITIS OUTBREAKS IN NAVRONGO, GHANA 445

Figure 1. The African Meningitis Belt map (courtesy of CDC), and the enlarged map of Ghana, with the study
region shaded.

Ghana (Leimkugel et al. 2007), as shown in Figure 1. The savannas of Sahelian Africa,
where KND is situated, experience two main weather seasons: wet season from June to
October and a dry season for the rest of the year. The population size is approximately
140,000, and most inhabitants live in rural areas, except for approximately 20,000 resi-
dents who live in the city of Navrongo (Nyarko et al. 2002).

The epidemiological data included total monthly counts of meningitis and pneumo-
nia each month over the 11-year period, from 1998 to 2008. The cases were laboratory-
confirmed at the Navrongo Health Research Centre, which serves as the reference labora-
tory for the Upper East Region of Ghana. The meteorological data were collected from the
local Navrongo weather station which is operated by the Ghana Meteorological Services.
Weather variables included daily dust status, number of sunshine hours, maximum and
minimum temperature, relative humidity, rain quantity, and wind speed. Given that menin-
gitis case counts were aggregated on the monthly scale, the weather data were provided
as monthly totals or averages (percents in the case of categorical variables, such as dust).
All data were collected and entered into an electronic database by the NHRC researchers.
In addition to the observed weather variables, the CO emission estimates (in grams of CO
per day) were produced by the Fire Inventory model (FINNv1; Wiedinmyer et al. 2011),
developed at the National Center for Atmospheric Research (NCAR). The FINNv1 was
used to generate daily CO emission estimates for a small area of Northern Ghana, based on
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satellite observations of active fires. These daily CO values were averaged for each month
to form the monthly average “CO per day” variable used in the analysis.

Little is known about other processes related to the spread of meningitis as an infectious
disease, such as migration, social contacts, and overall population health and immunity
levels. Human migration patterns vary during the year, and are largely driven by harvesting
schedules. Ghana also has a meningitis vaccination campaign, which varies from year to
year in its success rate. Between 1997 and 2002, yearly vaccination was available to the
entire KND district, while between 2003 and 2005 the vaccine was available to smaller
groups (Leimkugel et al. 2007). For the purposes of our analysis, all these patterns can be
considered time-varying confounders, while their yearly averages can be viewed as a part
of the fixed year-specific factors, discussed in more detail in the next section.

3. GENERALIZED ADDITIVE MODELS FOR MENINGITIS

In order to estimate the effects of important weather variables with minimal bias, adjust-
ment for the many confounders that may be related to both meningitis and to the weather
variables is necessary. This includes confounders that are relatively unchanging during the
year (such as population characteristics, or whether a vaccination campaign was in place),
as well as those that change during the course of the year (behavioral and social factors,
migration, vaccine uptake over time, etc.).

To estimate the effects of weather variables and adjust for possible static and time-
varying confounders, we employ the generalized additive modeling framework (Hastie and
Tibshirani 1999). While generalized additive models have been widely used as a standard
method in studies of air pollution and health over the last decade (see for example Schwartz
1994a, 1994b; Dominici et al. 2000, 2004; Peng, Dominici, and Louis 2006; Zibman 2009),
the current paper presents one of the first instances of using GAM in the arena of infectious
diseases.

As a more flexible alternative to generalized linear models, generalized additive models
(GAM) are capable of flexibly modeling the relationship between incidence and weather,
by including a semiparametric smooth function of time as a proxy for time-varying con-
founding processes. These time-varying confounders include complex social and behav-
ioral processes (e.g. vaccination uptake and migration) and health patterns (respiratory
illness, influenza, immunity) which co-vary with both the meningitis incidence and with
weather. These processes are assumed to vary slowly relative to the weather predictors of
interest, and will thus tend to capture more the seasonal variation in incidence. For ex-
ample, relative humidity can change drastically from month to month, but processes like
migration tend to change more slowly as they are likely linked to seasonal variation.

3.1. MODEL SPECIFICATION

We use GAM to assess the association between reported meningitis outbreak sever-
ity and a set of weather variables (relative humidity, rain, wind, sunshine, maximum and
minimum temperature), while adjusting for several air quality proxy variables (dust, CO),
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as well as for the unobserved time-varying confounding processes. Time-varying unob-
served confounders are proxied by a flexible function of time, modeled as a low-degree
cubic spline that slowly varies over time. The coefficients of the spline bases were esti-
mated jointly with the other parameters in the model. As the outcomes in our model are
the monthly counts of reported meningitis cases, the log was chosen as the link function
(Hastie and Tibshirani 1999).

The outcome modeled is the monthly number of lab-confirmed reported meningitis
cases, Yjt (where j = 1, . . . ,11 denotes the year, and t = 1, . . . ,12 denotes the month
within each year). The outcome Yjt is modeled as a Poisson distributed random variable
with the mean μjt , where

log(μjt ) = g(t) + Xj tβ. (1)

Here, g(t) is a smooth function of time across the 12 months that estimates the effect
of all unobserved time-varying confounding processes, related both to the incidence of
meningitis and to the weather. Note that this function also captures the seasonality effect
in a flexible way. In some models, attempts to deal with seasonality involve including a
fixed effect indicator for each month, or a sine function over the course of 12 months. Our
function g(t) can be viewed as a smoothed analogue of the month-specific effects.

The function g(t) is assumed to have the same shape each year. However, we allow
each year to have its own fixed intercept, capturing the differences in incidence between
years that are due to static unobserved confounders such as population changes, population
health, serogroup prevalence, vaccination campaigns, and general socio-economic condi-
tions in the region.

In addition to the year-specific intercepts, the vector of coefficients β contains the effects
of weather and pollution variables and exposures collected in the covariate matrix Xj t : total
monthly rain amount (in millimeters), maximum daily temperature for the month (degree
Celsius), monthly average relative humidity measured at 3 pm (percent), monthly average
number of sunshine hours in a day, monthly average of daily wind speed (kilometers per
hour), percent of days with dust, and CO emissions from fires (grams CO per day). We
will also examine the interaction between temperature and relative humidity. The pairwise
scatterplots of variables are shown in Appendix.

Besides the variables describing the physical environment, we also consider including
the number of cases of pneumonia in the preceding months as a proxy for respiratory
health. This variable will be used to test the hypothesis that weakened immune system and
damaged mucosa ultimately play a role in meningitis incidence.

4. RESULTS

4.1. FULL GAM

We start with the full model, which includes all weather and pollution covariates, year-
specific intercepts, and the year-long smooth function of time, g(t), represented by cubic
splines. This function is taken to represent yearly seasonality, and the basic seasonality
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Table 1. GAM model estimates for models with 8 and 4 degrees of freedom.

8 dof GAM 4 dof GAM

Predictor Coef. St. error z-stat Coef. St. error z-stat

Max temp (curr. month; degree C) 0.181 0.074 2.44 0.337 0.075 4.51

CO (prev. month; g CO/day) 0.013 0.003 3.68 0.008 0.003 2.53

% Dusty days (curr. month; %) 1.785 0.490 3.64 1.100 0.498 2.21

Humidity at 3 pm (prev. month; %) −0.015 0.019 −0.81 −0.027 0.018 −1.46

Rain (prev. month; mm) −0.005 0.005 −1.04 −0.005 0.005 −0.99

Min temp (prev. month; degree C) −0.087 0.109 −0.80 −0.052 0.110 −0.47

Wind speed (prev. month; km/hr) 0.098 0.221 0.44 0.073 0.217 0.34

Sunshine (curr. month; hours) 0.110 0.132 0.84 0.028 0.132 0.21

Pneumonia cases (2 months ago) −0.007 0.033 −0.21 0.033 0.033 0.99

shape is assumed to stay the same each year. The year-specific intercepts accommodate
differential baseline risk from year to year, due to strain-specific and average population
characteristics that do not vary over the course of the year.

A subset of variables (CO emissions, humidity, rain, minimum temperature, wind speed,
and pneumonia cases) thought to have a longer-term effect on the risk of meningitis are
lagged, allowing us to understand the relationship between these variables and meningitis
incidence in the months that follow. Only the first two lags (values from the previous month
and from two months ago) were considered. The best set of lags for all variables was chosen
based on the AIC criterion, based on the model with g(t) with 4 degrees of freedom. The
first lag was found to be most significant for all variables except pneumonia, for which
the second lag was the most powerful predictor of meningitis incidence. The variables
whose effect is thought to be more immediate, such as dust (under the assumption that
it irritates the throat immediately), maximum temperature (under the assumption that it
causes dehydration and discomfort), and sunshine (generally associated with temperature)
were not lagged.

The model was fit by maximizing the penalized log-likelihood. The estimated linear
effects for the full model are summarized in Table 1. We fit two versions of the full GAM
models: one with a very flexible 8-degree-of-freedom function of time over 12 months,
and the other with a more rigid 4-degree-of-freedom function of time. As expected, the
more degrees of freedom the yearly function g(t) has, the more variance is allowed to be
explained by the time-varying confounders. However, the stronger predictors are expected
to remain strong across the models with different smoothness assumptions about g(t).

As we see from Table 1, the higher levels of current month temperature, sunshine,
percent of dusty days, as well as previous month’s CO emissions and wind, tend to co-
occur with the higher meningitis incidence. On the other hand, higher levels of previous
months’ minimum temperature, relative humidity and rain are associated with lower lev-
els of meningitis incidence. All estimated weather effects preserve their signs in the two
models, and maximum temperature, relative humidity, dust and CO emissions seem most
persistently associated with incidence. As expected, the significance of the predictors is
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slightly higher in the 4-degree model, although the results from the two models appear to
be qualitatively the same.

More specifically, the 4-degree model estimates that for every one degree Celsius in-
crease in monthly average maximum temperature, holding other variables constant, the log
of the mean number of meningitis cases increases by 0.181—or equivalently, the mean
number of cases increases approximately by 20 %. Consequently, a 10 degree Celsius
increase in the monthly average maximum temperature is associated with the 6-fold in-
crease in the mean monthly number of meningitis cases, holding all other variables in the
model constant. Similarly, every one percent increase in relative humidity is associated
with approximately 2.7 % decrease in the log of mean number of cases in the 4-degree
model, holding all else constant, implying a 72 % reduction in expected monthly meningi-
tis counts with every 20 % increase in relative humidity. Given that the relative humidity
was observed to range between 6 % and 73 % during the course of the year, this magnitude
of change is not uncommon.

The most significant predictors in the full model seem to be the current month max-
imum temperature, total number of days with dust, the previous month average relative
humidity at 3pm, as well as burning biomass as captured by the CO emissions from fires.
It is interesting to note that the burning precedes the dust from the Sahara by one or two
months. It is possible that the previous month CO emissions are capturing in part the past
cumulative effects of other variables, as they are a result from a model using a variety of
meteorological and physical processes from preceding months in addition to the satellite
observations of burning biomass. Furthermore, most other air pollutants directly emitted
from fires will roughly scale to CO, so the CO emissions in our model may be acting as
a proxy for other pollutants related to smoke. Current month CO, minimum temperature,
rain and humidity were not significantly related to the incidence, given other variables in
the model. Similarly, previous month maximum temperature, sunshine, and dust, as well
as the interactions between relative humidity and temperature, were not found to be signif-
icant.

Pneumonia cases were most significant when lagged by 2 months, given other variables
in the model. This variable, like CO, may also be capturing to some degree the cumulative
negative effects of other previous months’ variables. Interestingly, pneumonia cases appear
to be almost orthogonal to the rest of the variables in the model: removing it from the model
resulted in negligible change in the estimated coefficients.

The model fit is best illustrated in Figure 2. Apart from failing to capture very small
outbreaks, year-specific intercepts and time-varying g(t) allow the model to track the actual
number of cases over the course of 11 years very closely. There is very little difference in
fitted values between the GAM models with 4 and 8 degrees of freedom.

The smooth function of time, g(t), was fit with cubic smoothing splines, first with 4
and then with 8 degrees of freedom. These estimated functions of time (without year-
specific intercepts) are given in Figure 2. It is notable that the basic shape of the estimated
function is relatively stable across the two models: after the first quarter (January–March),
it appears to be roughly linearly decreasing for the rest of the year. That corresponds to
the higher underlying risk of meningitis from January until March, and then a continual
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Figure 2. The GAM (full model) fit for the model with 4 degrees of freedom (dashed line) and the model with 8
degrees of freedom (full line); as can be seen, very little difference is observed in model fit. The estimated smooth
functions of time, ĝ(t), across 12 months, show slight difference.

decay (given all the other predictors in the model) from April to December. This estimated

unobserved effect captures the auto-correlation and seasonality of the meningitis epidemic,

and matches the conventional wisdom about the epidemic seasonality.

Note that g(t) is not required to “wrap around”, and thus we do not require Decem-

ber’s estimate to be close to January’s estimate. The g(t) function is instead allowed to be

shifted up and down for each year by the value of the year-specific intercept, mitigating the

December–January gap. There is much variation in the incidence from year to year, which

can perhaps best be captured by the range of the year-specific intercepts (relative to the first

year): they range from −8.9 to 0.33 (on the log scale). This strongly suggests that there

are factors that vary from year to year, such as average immunity, serogroup prevalence,

vaccine availability, among others, which influence the size of the epidemic.
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Table 2. Model estimates for the reduced GAM model with 4 degrees of freedom.

Predictor Coef. St. error z-stat

Max temp (current month) 0.461 0.068 6.80
Min temp (previous month) −0.103 0.082 −1.26
Humidity at 3 pm (previous month) −0.017 0.014 −1.16
% Dusty days (current month) 0.547 0.391 1.40
CO emissions (previous month) 0.006 0.002 2.61
Pneumonia cases (2 months ago) 0.082 0.027 3.01

4.2. REDUCED GAM

Results thus far suggest that a more parsimonious GAM model with fewer predictors
might be appropriate. To that end, we fit a reduced GAM with the 4-degree-of-freedom
semiparametric g(t), without some of the redundant or collinear variables. Common sense
suggests that Navrongo rain is redundant if temperature and humidity are in the model.
Likewise, sunshine is related to temperature. From Appendix and Table 1, it appears that
wind speed and sunshine are not powerful predictors, given other variables in the model. In
fact, rain, wind speed and sunshine are strongly related to dust, humidity, and temperature.
We will thus require the final model to contain current maximum temperature and dust,
past month’s humidity and CO, and pneumonia from two months prior as the predictors.
The other 4 variables will be selected into the model based on the overall AIC.

The results from the winning reduced model (among 16 candidate models) with 4 de-
grees of freedom are shown in Table 2. The model fit and estimated g(t) are shown in Fig-
ure 3. As we see, the results from the restricted model are qualitatively similar to the full
model, with maximum current month’s temperature now even more significantly related
to the meningitis incidence. Relative humidity and minimum temperature from previous
month still appear to act “protectively” as they are negatively associated with meningitis
case counts. Current month’s percent of dusty days, and CO emissions from last month are
both still positively associated with meningitis counts, although dust is not as significant
in the reduced model as it was in the full model. Similarly, pneumonia from 2 months ago
appears to be significantly positively associated with meningitis incidence.

4.3. GAM WITH LAGGED PREDICTORS

We also consider alternative versions of GAM that use only lagged predictors. Although
the best model with only lagged variables is not as powerful in terms of explaining vari-
ation in the case counts as the best model with both current and lagged predictors (the
deviance is greater by 50 %), a model that uses lagged variables could be used for (very)
short-term prediction of the behavior of the outbreak within the epidemic season. To this
end, we propose two 4 degree-of-freedom models—the first one using only the weather and
pollution variables, and the second one with the pneumonia counts added. Due to strong
dependence between minimum and maximum temperatures from the same month given the
other variables in the model, we have excluded previous month’s maximum temperature,
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Figure 3. The reduced GAM fit for the model and the estimated smooth function of time, ĝ(t) (with 4 degrees
of freedom) across 12 months.

as the previous month’s minimum temperature appears to have a stronger effect on inci-
dence. In fact, replacing previous month’s maximum temperature with the average number
of sunshine hours appears to result in a stronger model (reducing the deviance by 15 %),
while leaving all other effects approximately unchanged. Excluding dust and wind speed
also changes the fit of this model by a minute amount (deviance further changes by ap-
proximately 1 %). Given these results, we present only the best reduced model with lagged
covariates. Adding pneumonia seems to contribute significantly to the model, changing the
deviance by 8 %. The results are shown in Table 3, and Figure 4.

4.4. GENERALIZED LINEAR MODEL (GLM) ALTERNATIVE

Given the GAM results above, it appears that a two-piece linear function might be a
fairly decent approximation of g(t) in almost all different models. With such a relatively
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Table 3. Estimates from the two 4-degree-of-freedom GAM models with lagged predictors only: with pneumo-
nia as a predictor, and without.

Without Pneumonia With Pneumonia

Predictor Coef. St. error z-stat Coef. St. error z-stat

Rain (previous month) −0.017 0.005 −3.50 −0.019 0.005 −3.52
Min temp (previous month) −0.180 0.043 −4.18 −0.249 0.055 −4.53
Humidity at 3 pm (previous month) −0.040 0.017 −2.41 −0.038 0.017 −2.25
Sunshine Hours (previous month) 0.323 0.075 4.31 0.299 0.096 3.11
CO emissions (previous month) 0.005 0.002 2.20 0.005 0.002 2.55
Pneumonia cases (2 months ago) – – – 0.055 0.027 2.05

Figure 4. The fit for the 4-degree-of-freedom GAM with lagged predictors only: the model with pneumonia
(dashed line) and without pneumonia (full line). As can be seen, the model with pneumonia added as a predic-
tor shows slightly better fit. The estimated smooth functions of time, ĝ(t), across 12 months, show almost no
difference.
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Table 4. Estimates for two alternative generalized linear models: with pneumonia as a predictor and without.

Without Pneumonia With Pneumonia

Predictor Coef: St. error: z-stat: Coef: St. error: z-stat:

January–March slope 0.185 0.066 2.8 0.177 0.067 2.65

April–December slope −0.271 0.057 −4.76 −0.272 0.06 −4.54

Max temp (current month) 0.413 0.066 6.27 0.414 0.068 6.12

CO emissions (previous month) 0.007 0.002 3.08 0.008 0.002 3.65

Humidity at 3pm (previous month) −0.027 0.016 −1.67 −0.033 0.017 −1.94

Rain (previous month) −0.005 0.005 −0.99 −0.005 0.005 −1.03

Pneumonia cases (2 months ago) – – – 0.062 0.026 2.37

simple form of g(t), fitting a generalized linear model (GLM) might be a reasonable al-
ternative. In a GLM, the function g(t) would not be modeled by splines any longer, but
instead as a parametric (piece-wise linear) function of time, with one slope from January
to March, and another slope from April to December.

The GLM model we employ is Poisson regression, with the log link, as before. The
outcome, case counts, Yjt is again modeled as a Poisson distributed random variable with
the mean μjt , where

log(μjt ) = α1tI (t < 4) + α2t + Xj tβ. (2)

Here, α1tI (t < 4) + α2t is a piece-wise linear function of time across the 12 months,
with slope α1 + α2 for the first three months (January through March) and slope α2 for
the remainder of the year. This piece-wise function of time now captures the effect of un-

Figure 5. The GLM fit, with pneumonia (dashed line) and without pneumonia (full line). As can be seen, the
model with pneumonia added as a predictor shows a slightly better fit.
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Figure 6. The GAM estimates for the model with 4 degrees of freedom, without any predictors (full line) and
with pneumonia predictor added (dashed line). As can be seen, the model with pneumonia performs slightly better.
Note that neither of the two models show as good of a fit as the models with weather and pollution predictors.
The estimated smooth functions of time, ĝ(t) across 12 months, show minimal difference for the models with and
without pneumonia.

observed time-varying confounders, somewhat less flexibly than g(t). The estimated main
effects from the best GLM fit are shown in Table 4. This model is qualitatively similar to
the previous models in this analysis, with one notable exception: here, the previous month’s
rain appears more significant than the previous month’s minimum temperature. Given that
the two variables are highly correlated, we keep the previous month’s rain variable and
leave out minimum temperature. Model fit is shown in Figure 5, indicating little difference
in the fit values from earlier models.

4.5. MODEL WITHOUT WEATHER AND POLLUTION PREDICTORS

The large span of the estimated year-specific intercepts and robustly good fit of the
GAM and GLM models beg the question of whether the weather variables in fact contribute
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to our efforts to understand meningitis in a substantial way. To answer that question we
looked at the model without any weather and pollution predictors—only the year-specific
intercepts and the smooth function of time with 4 degrees of freedom. The deviance of
this model was about 75 % higher than of the best reduced GAM model with weather
predictors (presented in Table 2), and approximately 150 % higher than the full GAM
model (presented in Table 1). When we added pneumonia counts, the deviance of that
model was 45 % higher than of the best reduced GAM model with weather predictors, and
approximately twice the deviance of the full GAM model.

The fitted values and g(t) for the two models without weather and pollution predictors
are shown in Figure 6. As can be seen, the basic shape of the estimated g(t) functions is
more pronounced though it remains qualitatively similar to the estimated g(t) from the full
GAM model, capturing the seasonal behavior of meningitis. However, the fitted values for
this model are not matching the observed meningitis counts as closely as before. In partic-
ular, the peaks are not well described, and three out of four large peaks are underestimated
by approximately 10 % and 40 %. Weather and pollution seem to influence the severity of
meningitis outbreaks in a consistent way from year to year, and this is particularly visible
(as expected due to the nature of log-linear models) during large outbreaks.

5. DISCUSSION

In this paper we have carried out a generalized additive model analysis of meningi-
tis outbreaks in Navrongo, Ghana, aiming to estimate in an unbiased way the effects of
weather variables such as rain, relative humidity, temperature, and air quality variables
including dust and CO emissions, on meningitis incidence.

The models adjusted for different degrees of time-related confounders, in order to ex-
amine the persistence of weather predictors under different amounts of confounding ad-
justment. All models pointed to the relevance of weather and pollution variables, and par-
ticularly persistent were the effects of current month’s average maximum temperature,
previous month’s relative humidity, and previous month’s CO emissions due to fires. It ap-
pears that weather is robustly responsible for explaining some of the variation in meningitis
counts, and its effect is, as expected due to the nature of log-linear models, especially vis-
ible during large outbreaks. Accounting for weather can improve our estimates of average
laboratory-confirmed meningitis counts by up to 40 %.

Adjustment for the confounding variables is particularly relevant when evaluating pos-
sible strategies for intervention, and their costs and benefits. For example, with the estimate
of the relative humidity effect, the expected reduction in meningitis incidence due specif-
ically to intervention aimed at household mechanisms for increasing humidity, could be
evaluated. Similarly, one could compare the expected benefits of that intervention with an-
other aimed at decreasing dust and pollution via increasing household ventilation or via
addition of cooking stoves with better combustion properties.

Note that in general, the generalized additive framework is not meant to be used for
prediction of future epidemic size. These models are used to estimate the relative “net”
impact of specific weather and pollution variables on the size of the epidemic, without the
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influence of confounders. Consequently, these models can be used to evaluate the impact
of interventions on weather-related variables (such as decreasing the temperature and in-
creasing relative humidity for example) on the expected meningitis incidence. They can
also be used to assess the impact of climate change on the future meningitis disease out-
breaks.

Our results indicate that interventions aimed at reducing temperature, dust, smoke and
CO exposure, or increasing relative humidity and ventilation via some household interven-
tion mechanism, may reduce the public health burden of meningitis outbreaks, especially
during large outbreaks. These results are in agreement with empirical evidence: the people
from rural Ghana recognize meningitis as a disease of “hot and dusty” days. However, al-
though we have no concrete biological explanation for why current maximum temperature
is so strongly associated with meningitis, the persistence of this relationship in a variety of
models is noteworthy. Temperature may be a proxy for other variables such as food quality,
weakened immunity, or perhaps a biological mechanism that is, as of yet, undocumented.
In addition, it is possible that prolonged periods of high temperature may change individual
behavior in ways that enhance meningitis spread. Further research is needed to shed light
on mechanisms behind the observed temperature effect.
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