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Hydrocephalus is the most common neurosurgical 
disorder in children, with rates of 3–5 per 1000 
live births in developed countries3 and estimates 

in sub-Saharan Africa of more than 100,000 cases per 
year.28 The majority of infant hydrocephalus cases in East 
Africa appear to be postinfectious,27 related to preceding 
neonatal infections, and are thus preventable if the micro-
bial origins and routes of infection can be better under-
stood. Here we show that climate is an important factor in 
driving the infections that lead to PIH.

Methods
This research was performed under the oversight of 

the institutional review boards of The Pennsylvania State 

University, CURE Children’s Hospital of Uganda, and 
Children’s Hospital Boston.

Signal processing was performed with Matlab (Math-
Works, Inc.), and multitaper spectral analysis was per-
formed with the open source Chronux algorithms (version 
2.0, http://chronux.org).15 For spectral analysis, a window 
length of 3 years was used, and this window was moved 
in increments of 1 month to produce spectrograms and co-
herograms (we set the time-bandwidth product to 3 and the 
number of tapers to 5). Rainfall data were treated as a con-
tinuous process, and case data as point processes. When 
coherencies were calculated for rainfall versus case data, 
mixed continuous-point process algorithms were used 
(Chronux 2.0).

The phase of a cycle labels the cycle according to its 
peaks and troughs. Phases were assigned for rainfall data 
using a Hilbert transform.2 Prior to phase assignment, 
data for each district were zero-phase filtered (both for-
ward and then backward so the filter did not distort the 
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timing of the phases) by using a fifth-order Chebyshev 
filter centered on 2 cycles per year.

To characterize the nonuniformity of histograms of 
rainfall based on month of the year or phase of the rainy 
seasons, we used an information measure based on Shan-
non entropy (S).25 The total entropy formula is as follows: 

where p(i) = (number of counts per bin i)/N, N is the total 
number of counts in the histogram, and n is the number 
of bins. The maximal entropy, which corresponds to the 
most disordered state, is when all bins are equal (each p(i) 
= 1/n) and the histogram is flat. The maximal entropy is 
therefore Smax = ln(n). Then the probability of deviation 
from nonuniformity is (Smax - S)/Smax (0 when the histo-
gram is flat), and the probability of significance of non-
uniformity is therefore equal to 1- [(Smax - S)/Smax], which 
constitutes a probability value in our histogram analysis.

We characterized the spatiotemporal patterns of both 
cases and rainfall by using a mode analysis typically used 
to characterize patterns in physical and biological sys-
tems that change with time.21 This modal analysis was 
performed as a principal orthogonal decomposition,12 
implemented with singular value decomposition, by us-
ing the methods described by Schiff et al.22 The mean 
was retained in these samples, to preserve this important 
feature of average monthly rainfall and the fact that case 
numbers were all nonnegative in value (removing the case 
mean would have produced negative case numbers).

For cross-correlation analysis, statistical confidence 
bounds were calculated by forming 100 surrogate23 climate 
time series by identifying a random time point in the time 
series (excluding the first and last 10 months) and swap-
ping the series before and after the random point selected. 
The 100 randomly swapped time series form an ensemble 
of time series in which all short-term correlations between 
climate and cases will be destroyed, and twice the SD of the 
surrogate correlations form statistical bootstrap confidence 
limits.17 All correlations greater than these confidence lim-
its are potentially significant, especially where consecutive 
significant excursions are seen. We report both the absolute 
value of the total correlation at 0 time lag when it is greater 
than the 2-SD confidence limit, as well as the more power-
ful sum of the total significant correlation at all lags in our 
analysis.

Geographical maps of the districts of Uganda were 
generated in The Pennsylvania State University Maps Li-
brary. We used Digital Charts of the World, a product 
of the Environmental Systems Research Institute, to pro-
duce a digital global positioning system grid overlay that 
we could match with our case location data, as shown in 
Fig. 1Aa.

Localized rainfall estimates were derived from a 
mixture of ground and satellite data, assimilated using 
the African Rainfall Estimation Algorithm (version 2.0)
(RFE2.0) developed at the US NOAA Climate Prediction 
Center.7,11 Satellite-based remote sensing of the scattering 
of cloud layer particles in 2 microwave bands is obtained 
at 6-hour time intervals, along with cloud-top tempera-

tures from the infrared band. The assimilation method 
uses maximum likelihood estimation to merge the satel-
lite data with daily rain gauge readings at ground stations 
in Africa, inferring magnitude of rainfall at the specified 
grid points.

Results
In Uganda, almost all cases of infant hydrocephalus 

are treated at a single specialty hospital, where previ-
ous findings suggested seasonality in the microorganism 
spectrum from infants with PIH.14

The birthdates and dates of the subsequent infec-
tion and surgical intervention were determined for 696 
consecutive children with PIH over 6 years, from 2000 
to 2005. The address of each patient was associated with 
one of the 77 districts within Uganda. Satellite rainfall 
data were extracted for the same time period, and data 
from the 0.1° × 0.1° rainfall grid were averaged over each 
geographic district for each month.

A diagnosis of PIH was established based on the fol-
lowing criteria: 1) no history consistent with hydroceph-
alus at birth; and 2) either a history of a febrile illness 
(typically with seizures) preceding the onset of clinically 
apparent hydrocephalus or alternative findings such as 
imaging and endoscopic results indicative of prior ven-
triculitis.27 In the vast majority (76%) of such patients, 
the onset of their febrile illness resulting in PIH occurs 
within the 1st month of life—consistent with neonatal 
sepsis.27 In the present study, the mean and median ages 
of children presenting for hydrocephalus treatment were 
9.1 and 4 months, respectively, due to the fraction of chil-
dren who presented later with more advanced untreated 
hydrocephalus. Because most infants with PIH in sub-Sa-
haran Africa have no access to the neurological surgery 
required to palliate this condition, and their brains are 
often severely damaged as a consequence of the inciting 
infection, the most effective approach in such children 
will be prevention.14

The NOAA collects satellite data from multiple 
satellites, and the African Rainfall Estimation Algo-
rithm generates rainfall estimates beginning with March 
2000.7,11 We fused 3600 grid points of these spatiotem-
poral data with the geography of Uganda (Fig. 1A), by 
averaging rainfall per month temporally and within each 
of 77 Ugandan districts spatially. We formed a 10 × 10 
adjacency matrix preserving at least 1 or more district 
adjacencies to facilitate display of spatiotemporal results 
(Fig. 1Ab).

Uganda and the East African highlands have 2 rainy 
seasons per year. Although the amplitudes of monthly 
rain vary, the timing of these seasonal cycles is very 
regular across districts (Fig. 1Ba). A spectrogram applied 
to such data reveals a strong fundamental frequency at 2 
cycles per year (Fig. 1Ba). Case numbers by date of birth 
(696 cases), of febrile illness onset (692 cases), and of sur-
gical intervention (632 cases), and the frequency content 
of such data are shown in Fig. 1Bb–1Bd. There were few-
er dates of surgery than for birth dates, because in some 
admissions the patients were operated on in the months 
following 2005, some died prior to surgery, and in some 
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the disease was managed without surgery. The frequency 
content of cases was more complex than that of rainfall. 
Looking at spatial variations by summing over time, we 
see that there is a great deal of rainfall over the 6 years 
in Uganda (Fig. 1Ca) and that the relationship of cases 
to total rainfall is complex (Fig. 1Cb). Although there is 
a modest linear fit of cases per district to rainfall (linear 
regression coefficient of determination, R2 = 0.44), the 
residuals of this fit steadily increase as rainfall increas-
es. This confirms that the relationship between rain and 
cases over geography is not a simple linear one explained 
by total rainfall.

We averaged the rainfall per month across all districts, 

and summed the cases per month, to produce average 
global univariate time series (Fig. 2A and B). We found 
that the cross-correlation between rainfall and cases is 
stronger for febrile illness and birth dates than for surgi-
cal dates. Cross-correlation is a function of the time lag 
between 2 signals, and although the cross-correlation at 0 
time lag is often used to quantify an interaction, when there 
are delays between cause and effect (as in infection and 
postinfectious consequences), one can sum the cross-cor-
relation over a range of lags.23 We used the level of statisti-
cal confidence (see legend to Fig. 2) to select the time lag 
ranges to use to sum only the significant cross-correlation 
values.23 The febrile case dates have more than twice the 

Fig. 1.  Panel Aa shows a satellite 0.1° × 0.1° grid overlain on the geographic districts of Uganda. Monthly rainfall was aver-
aged within each district, and patients with PIH were assigned to a district. Satellite data are missing for January and February 
of 2000, and these data were set to 0. These 77 districts were mapped to a 10 × 10 adjacency matrix in panel Ab, keeping at 
least 1 or more neighboring districts in contact to facilitate display of spatiotemporal analysis. The 23 black squares are empty. 
The rainfall by month from each district is shown overlain in panel Ba, and the spectrogram demonstrates a strong twice-yearly 
frequency of rainy seasons. Birth, febrile illness, and surgery dates are shown in panels Bb, Bc, and Bd, respectively, and their 
spectrograms are complex. Note that the time axes for the spectrograms are shortened to 1.5–4.5 years, reflecting the resolution 
within the 3-year sliding windows used. Summing the total rainfall (in mm) for each district over all 6 years reflects the high levels 
of rainfall across Uganda in panel Ca and the more complex spatial distribution of cases over all 6 years in panel Cb (a base 
10 log scale is used for cases to facilitate the display). A linear regression of total rainfall to cases (using febrile illness dates, 
for comparison later) in panel Cc demonstrates a modest fit (coefficient of determination, R2 = 0.44), and the residuals of this fit 
steadily increase as total rainfall increases, indicating that the relationship between rain and cases over geography is not a simple 
one explained by total rainfall. A regression by birth dates is nearly identical (R2 = 0.43).
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significant summed cross-correlation than that of the birth 
dates (correlation sum 0.75 vs 0.29), and they are also both 
significantly peak correlated around the 0-month time lag. 
The surgical cases have a peak time lag offset by several 
months, consistent with the previously reported time from 
illness to onset of noticeable hydrocephalus (mean 0.72 

months) and the delay between hydrocephalus onset and 
presentation for surgical treatment (mean 7.46 months).3 
Using these same averaged univariate data, we performed 
mixed point-process and continuous coherence calcula-
tions in which the Chronux algorithms (http://chronux.
org/) were used. These coherograms each demonstrated a 

Fig. 2.  Average global time series (univariate) are shown in panels A and B, and spatiotemporal analysis in panels C–E. 
After averaging rainfall and summing cases across districts by month, their cross-correlations are shown in panel A. Confidence 
bounds were calculated as described in Methods, representing twice the SD of surrogate correlations displayed as the dotted line 
bootstrap confidence limits in panel A. All correlations greater than these confidence limits are potentially significant, especially 
where consecutive significant excursions are seen. The correlation with rainfall is greatest for febrile illness dates, and the sur-
gery dates are offset from febrile illness and birth dates by several months, as expected. The coherograms of the data from panel 
A are shown in B, where a prominent band at 4 cycles per year emerges from each of the data sets. The full data sets for each 
district were decomposed using a singular value decomposition, and the eigenvalues (statistical importance of the eigenimages) 
and eigenimages (most statistically common pattern to the data, ordered by the eigenvalues from largest to smallest) are shown 
for rainfall and febrile illness dates in panel C. There is a prominent first mode, which represents the average total rainfall or 
case numbers, followed by second and third modes displaying fluctuations about the mean. These modes were used as filters to 
form reconstructed univariate time series in panel D (products of eigenvalue, modal amplitude, and eigenimage, and summing to 
reconstruct data), where it is seen that there were no correlations between the first rainfall mode and case data. Testing all com-
binations of the first 6 modes, we find the largest correlations by summing modes 2 and 3, where febrile illness dates demonstrate 
larger correlations with rainfall than birth dates, and no correlation in these modes is seen for surgery dates. In panel E we show 
coherograms from the sum of modes 2 and 3, demonstrating that there is very substantial correlation between birth and febrile 
illness dates and that febrile illness dates correlate more strongly with surgery dates (in the correlation sums at arbitrary lags 
[Csum]) than do the birth dates. C0 = absolute value of the total correlation at 0 time lag when greater than the 2-SD confidence 
limit; Csum = sum of the total significant correlation at all lags.
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4-cycle-per-year coherency (Fig. 2B) that requires explana-
tion.

A spatiotemporal analysis in which a mode decompo-
sition was used was performed using methods described 
by Schiff et al.22 The first mode represents the statistically 
most likely pattern given each monthly spatial data snap-
shot in time. The first mode for both rainfall and cases 
retains the monthly average, and the time series of this 
mode is reflected in the modal amplitudes (Fig. 2C). Note 
that the modal amplitudes of the first mode for both rain-
fall and cases are all positive (there are no negative rain-
falls or cases) and that the subsequent modal amplitudes 
fluctuate around zero. We use the Schmidt approxima-
tion theorem24 to form optimal low-order approximations 
to the dynamics. We filter the data by removing the first 
mode with its running average rainfall,16 and we then sum 
1 or more of the remaining modes together (summing all 
of the modes would return the original data set). Because 
the first mode shows no correlation with cases (Fig. 2D), 
this confirms that the average monthly rainfall is not the 
important factor here (consistent with the regression re-
sult of Fig. 1C). However, if we remove this first mode, 
very substantial correlation with cases is observed in the 
subsequent modes. Eliminating the first mode, we then 
find that, of all possible partial sums of modes 2–6, the 
strongest correlations between rainfall and cases are seen 
in the sum of modes 2 and 3, demonstrating far more sub-
stantial correlations with rainfall than shown from the 
raw data in Fig. 2A for febrile illness and birth dates (sig-
nificant correlation sums 2.2 and 1.4 for modal filtered, 
vs 0.75 and 0.29 for averages of raw febrile and birth 
dates). For data filtered through the modes in this manner, 
birth versus febrile illness correlations and coherencies 
are very strong, but febrile illness dates correlate more 
strongly with surgery dates than birth dates, as we would 
expect clinically (Fig. 2E).

Returning to the raw data, we next found that the cas-
es occurred at intermediate levels of rainfall, with a very 
strong Gaussian distribution (Fig. 3A). The mean rainfalls 
for febrile illness and birth dates were very close, where-
as surgical dates were different, reflecting the offset in 
months until surgery. Average rainfall per month for all 6 
years is shown in Fig. 3Ba, and beneath that, the total cas-
es per month for all 6 years based on febrile illness, birth, 
and surgery month. Each case distribution significantly 
deviates from uniform, demonstrating a monthly depen-
dence, with the most nonuniform distribution for febrile 
cases (p = 0.0066 according to Shannon entropy). Note 
that the febrile case months have 4 peaks (March, May, 
September, and November), which flank the peak rain-
fall months (April and October). These 4 peaks appear to 
explain the 4-cycle per year coherency bands in Fig. 2B.

However, it is rainfall, rather than month, that is the 
key element to consider relating rainfall and cases. The 
rainy seasons are so regular in Uganda that one could of-
ten assign a phase reasonably accurately by month for av-
erage monthly data. Nevertheless, for individual districts, 
and for individual years, it is more accurate to assign a 
phase for each district rigorously. We therefore narrow-
band filtered each district’s rainfall data by using a filter 
that does not distort the timing of the phases (centered 

at 2 Hz; Fig. 3Ca), and the phases for each district were 
assigned from 0 to 4p to cover each consecutive 2 rainy 
seasons (Fig. 3Cb). The average rainfall per phase is fit 
with a sine wave in Fig. 3D, and beneath that plot are 
shown the histograms of case numbers per phase. Again, 
we see the strong pattern of febrile illness cases, with 2 
peaks in phase flanking each peak in rain (now dissoci-
ated from month of occurrence). This is consistent with 
the evidence in Fig. 3A that the illnesses occurred at in-
termediate levels of rainfall.

Discussion
Our findings demonstrate a strong correlation be-

tween satellite-determined geographic rainfall dynamics 
and a childhood disease that previously had no known 
link to environment and climate.

Climate dynamics driving malaria cases in the East 
African highlands have been shown to be linked to in-
creased rainfall and are dynamically linked to rainfall 
fluctuations caused by the El Niño–Southern Oscillation 
and the intensity of the Indian Ocean dipole surface tem-
perature gradient.8,9 Environmental conditions including 
rainfall5,6 and soil hydrology26 have been shown to be 
important in the acquisition of Burkholderia pseudom-
allei infections in Southeast Asia and Australia, and the 
epidemiological rainfall interactions for this organism 
can be complex and vary by geographical region.10 Me-
ningococcal meningitis is the cause of seasonal dry-sea-
son epidemics in regions of sub-Saharan Africa north of 
Uganda,18 and such cases can produce PIH.1

The closest parallel to our findings, where peaks in 
case incidence are split around the peaks in rainfall, are 
seen in patterns of cholera in both India19 and Bangla-
desh.13,20 Although cholera dynamics are complex, there 
appears to be a quenching of the infectivity of water-
borne secondary infections when peak rainfall dilutes 
the pathogenic concentrations. It is possible that a simi-
lar environmental mechanism serves to quench our case 
numbers of neonatal sepsis during peak rainfall months.

Previous work demonstrated seasonal evidence for 
genetic linkages between bacterial DNA obtained in in-
fants with PIH at the time of surgery and environmental 
samples, along with evidence relating these organisms to 
factors of domestic animals and hut construction.14 Infants 
typically present with PIH several months after neonatal 
sepsis, and cultures from more than 1000 consecutive 
cases of PIH yielded almost uniformly negative results.27 
Using sequencing for bacterial ribosomal 16S DNA re-
maining in such patients revealed amplifiable sequences 
from nearly all children’s CSF recovered sterilely during 
surgery, a predominance of gammaproteobacteria (a class 
of gram-negative organisms), and similar genetic matches 
with environmental samples from the infants’ village en-
vironments.14 Such findings demonstrate the association 
of such infants with microorganisms from their village 
environments, but do not isolate the causative organisms 
of neonatal sepsis that lead to PIH. A large-scale study of 
the bacterial and viral components associated with neo-
natal sepsis in this neonatal population is underway. A 
simultaneous strategy of both improving the antimicro-
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bial therapy of neonates infected with these neurotropic 
agents and engineering rational environmental health 
strategies to prevent these infections will be required.

Fusing spatiotemporal dynamics from satellite and 
case data are readily adaptable to a wide variety of infec-
tious disease processes for which complex interactions with 
the environment may exist. In diseases in which the estab-
lishment of rainfall as a factor is clear,9,10 understanding 
unexplained geographical variability would be aided by a 
spatiotemporal approach. Furthermore, as climate change 
gathers increasing international focus, a strategy such as 

we have presented opens the prospect of observing and 
predicting the influence of changing atmospheric dynam-
ics in driving infectious disease patterns with an increased 
degree of spatial granularity than is otherwise possible.

Conclusions
At present, PIH is treated neurosurgically—an ex-

pensive and complex level of medical intervention—al-
beit one whose cost-effectiveness can be readily demon-
strated.28 Prevention of PIH will require an understand-

Fig. 3.  Histograms for all district case data per month (5544 samples) shown as a function of rainfall per month for febrile 
illness, birth dates, and surgery dates in panels Aa–Ac. The cases are strongly peaked at intermediate levels of rainfall. Normal 
distribution fits are shown, which indicate that the birth and febrile illness months have almost identical means, whereas the 
surgery mean rainfall values are offset. A histogram of monthly rainfall is shown in panel Ba, along with monthly cases based on 
febrile illness, birth, and surgery dates in panels Bb–Bd. Tests of nonuniformity based on Shannon entropy show that each case 
histogram is significantly nonuniform with respect to monthly rainfall, with febrile dates being the most nonuniform (p = 0.0066). 
Note the 4 peaks per year in monthly febrile cases flanking the 2 peaks in rainfall in April and October. Rainfall for each district 
was then narrow-band filtered from 1.5 to 2.5 Hz by using a fifth-order Chebyshev filter applied so as not to distort phase in panel 
Ca, and a Hilbert transform was used to assign phase from 0 to 4p to represent yearly cycles in panel Cb. The average rainfall 
per phase was fit by a sine wave in panel Da, and the histograms of case data are shown in panels Db–Dd. Again, assigning 
phase values rather than calendar months demonstrates that febrile illness occurs with 4 peaks per year, straddling the phase 
peaks, which coincide with peak rainfall months.
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ing of the spectrum of organisms and routes of infection 
that lead to the particular cases of neonatal sepsis which 
predispose to PIH. Our findings here are helpful in ongo-
ing efforts to identify both the agents involved and their 
routes of infection. Although medically sophisticated ap-
proaches to improving the predictive pharmacological 
treatment of infants presenting with neonatal sepsis may 
be derived from a fusion of climate and microbiological 
models, the optimal approach to reducing such diseases 
of impoverishment will lie with unraveling the environ-
mental mechanisms and interrupting them.4
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