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     INTRODUCTION 

 Plague is a zoonotic disease caused by the bacillus  Yersinia 
pestis . Plague bacteria circulate in small mammal hosts and are 
transmitted through adult fleas, cannibalism, or (potentially) 
contaminated soil. 1  The disease is enzootic in wild rodent spe-
cies and in diverse biotopes under wide ranges of environmen-
tal circumstances. 2  

 Plague is a rapidly progressing serious illness in humans that 
is likely to be fatal if untreated or inappropriately treated. 1,  2  
It remains a public-health concern in many countries but 
most particularly in east-central Africa and Madagascar with 
> 10,000 cases reported in the last decade. 3,  4  Human plague 
occurs in seasonal pulses and shows a geographic distribution 
in circumscribed foci assumed to be correlated with distribu-
tions of dominant reservoirs and vectors and their ecology. 2  
Although several such foci are known, a recent World Health 
Organization report concluded that additional foci remain 
to be discovered, so it is unknown how many people live in 
plague-risk areas. 5  

 Studies of plague ecology and epidemiology in Africa 
have generally been focused at microscales, examining host–
vector–parasite systems and human social-activity patterns 
within single foci. 6–  8  These studies have nonetheless been 
unable to elucidate environmental factors shaping plague dis-
tributions at regional scales; a few studies have attempted to 
link plague distribution and the distributions of plague hosts 
and vectors with environmental factors, 9–  13  but only two of 
these studies have focused on Africa. In a previous study, we 
developed ecological-niche models for Africa, exploring envi-
ronmental conditions appropriate for plague occurrence and 
finding a broad potential distributional area of plague across 
Africa. 12  However, because the resolution used in that initial 
study was coarse (~10 km), its local public-health utility was 
limited. A fine-scale model for human plague was recently 
developed for the West Nile region of Uganda. 13  A logistic 

regression model explained 74% of plague-incidence varia-
tion, and plague incidence was predicted at parish-level scale 
based on environmental variables, such as remotely sensed 
variables associated with differences in soil and vegetation; 
this study revealed that plague cases in the region were more 
common above than below 1300 m. 

 In the Western Usambara Mountains, Lushoto District, north-
eastern Tanzania, plague has been a public-health problem 
since the area’s first documented outbreak in 1980. 14  The 
rodent and flea species involved in plague transmission there 
have not been identified, and questions focus on why plague 
reemerges in the same suite of villages. 6,  15,  16  Earlier, long-term 
microscale research comparing distributions of rodent and flea 
populations and examining socio-cultural factors favorable to 
plague transmission in plague-positive and plague-negative 
villages could not explain the details of the spatio-temporal 
distribution of the disease in the region. 6,  8,  15–  17  

 In this study, we aim to (1) explore the geographic distri-
bution and coarse-resolution ecology of human plague in 
Lushoto District of Tanzania, (2) identify environmental con-
ditions correlated with human-plague occurrences in Lushoto, 
(3) reflect on predictability of plague transmission in the 
region, and finally, (4) extend our local Lushoto model across 
East Africa. To this end, we developed ecological-niche mod-
els (ENM) based on human-plague case-occurrence data of 
Lushoto and project them across the broader region. This study 
takes advantage of relatively fine-resolution satellite imagery 
(250 m spatial resolution) that combines the broad general-
ity of global-extent, satellite-based data with the specificity of 
detecting relatively fine-resolution features of landscapes. 

   MATERIALS AND METHODS 

  Human-plague occurrence data.   Data on human-plague 
cases in the Western Usambara Mountains ( Figure 1 ) between 
October 1986 and December 2003 were obtained from records 
at the Lushoto District Hospital. Although most patients were 
diagnosed and treated in local health centers or dispensaries, the 
District Medial Officer was always contacted when plague was 
suspected; a health officer was then sent to investigate the case 
and add the record to the database. Plague diagnosis was most 
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frequently based on clinical manifestations, including typical 
buboes, chest pains accompanied by coughing with blood in 
the sputum, headache, chills, and malaise; a few human cases 
were diagnosed presumptively by microscopic observations 
of bipolar staining of a blood smear. Bacteriological culturing 
and isolation of  Y. pestis  was performed for several suspected 
cases during plague outbreaks in 1980 and 1991, confirm-
ing plague as the causative agent. 14,  18  Since 1998, polymerase 
chain reaction (PCR) and enzyme-linked immunosorbent 
assay (ELISA) techniques were also used to confirm the 
presence of plague bacteria in human-serum samples. 19  Davis 
and others 15  calculated mean plague-incidence rates and case 
frequency per village for the 49 villages recording at least one 
plague case during 1986–2003 and found a positive correlation 
between the two variables. Geographic coordinates were 
recorded with a global positioning system (GPS) receiver  
(spatial precision finer than 30 m) at village offices for 48 of 
49 plague villages, as well as for 57 other villages located in 
the same region but without recorded plague cases during 
the same time period. These villages without reported plague 
cases were used as plague-absence points in model validation 
exercises; setting and size were similar for plague-positive and 
plague-negative villages (inhabited area typically < 1 km 2 ). 
For the purpose of exploration of plague incidences and their 

relationship to environmental dimensions, we developed 
models based on different subsets of occurrence points, from 
high-incidence models to low-to-high incidence models. More 
specifically, we used three sets of presence points seeking 
to predict where plague will occur: (1) the high-incidence 
subset with seven villages with high-plague incidence rates 
(4.17–10.46 cases/1,000 inhabitants); (2) the moderate-to-
high incidence subset with 20 villages with moderate and high 
plague-incidence rates (1.91–10.46 cases/1,000 inhabitants); 
and (3) the low-to-high incidence subset with all 48 villages 
experiencing ≥ 1 case (0.02–10.46 cases/1,000 inhabitants). 

  To test the performance of our best-performing Lushoto 
model in predicting potential for plague transmission across 
broader areas ( Figure 1 ), locations of known human-plague 
occurrences between 1970 and 2008 in Tanzania, Kenya, 
Uganda, and the Democratic Republic of the Congo (DRC) 
were compiled through an extensive literature search. 4  For 
six reported plague outbreaks, sufficient spatial information 
was available to assign geographic coordinates (spatial preci-
sion finer than 1 km) using gazetteer data and hardcopy maps. 
This level of precision matches reasonably closely to that of 
the satellite imagery used, such that the georeferencing will 
place plague occurrence points reliably within (or at least 
close to) the corresponding map grid cell from which they 

 Figure 1.    ( A ) Predictions based on three different sets of occurrence points. The study (training) region, the Lushoto District located in north-
east Tanzania (small rectangle) within the projection region (large rectangle), is located in East Africa. ( B ) Predictions of the Lushoto ecological-
niche model based on 7 high-incidence villages, 20 moderate-to-high incidence villages, and 48 low-to-high incidence villages are shown respectively 
from left to right. This figure appears in color at  www.ajtmh.org .    
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came. Fine-resolution georeferencing is not desirable because 
of uncertainty regarding the actual site of infection, which is 
not necessarily in the residence of the afflicted person. 

   Environmental datasets.   We assembled raster-format 
environmental datasets for ENM development summarizing 
(1) vegetation and its phenology and (2) topography. All 
environmental datasets were projected in geographic coor-
dinates and generalized to a resolution of 0.0021° or about 
250 m. We used Enhanced Vegetation Index (EVI) layers 
obtained from the Moderate Resolution Imaging Spectroradi-
ometer (MODIS) sensor from February 18, 2000 to February 
17, 2001 (native resolution of 0.0021° or about 250 m), and 
downloaded from the Land Processes Distributed Archive 
Center (available from https://lpdaac.usgs.gov/).  We calculated 
nine derivatives from the 23 raw 16-day EVI layers: mean 
and standard deviation across the year, mean across the first 
rainy period (R1), mean across the second rainy period (R2), 
mean across the first dry period (D1), mean across the second 
dry period (D2), seasonality defined as [(R1 + R2)/2 − (D1 + 
D2)/2)], and local landscape heterogeneity based on 3 × 3 pixel 
windows and 51 × 51 pixel windows (i.e., standard deviation 
of pixels within windows surrounding the central pixel). To 
establish rainy and dry periods, we analyzed general rainfall 
patterns across the study area based on the seasonal pattern 
over the 23 raw EVI layers, which may be slightly offset from 
the seasonality of the rainfall per se. Data layers summarizing 
elevation, slope, aspect, and compound topographic index were 
derived from the digital elevation model of the Shuttle Radar 
Topography Mission (SRTM; native resolution = 90 m). 20  

 To avoid complications from multicollinearity, we reduced 
the number of variables for inclusion in the models. We calcu-
lated Spearman rank correlations among the 13 coverages and 
removed heterogeneity based on 51 × 51 pixel windows, mean 
EVI across the R2, and mean EVI across the D2, because they 
showed high correlations (ρ > 0.8) with other variables. 

   Ecological-niche modeling.   Ecological niches are defined 
as the set of coarse-resolution environmental conditions 
under which a species can maintain populations without 
immigration. 21,  22  Known plague occurrences were related to 
the environmental data layers to develop a quantitative picture 
of their ecological distribution. 22  Because our only indication 
of plague occurrence in Lushoto is human-case occurrences, 
we subsume all of the factors that accompany its transmission 
to and detection and reporting in humans in the ecological 
niche of plague. 22  We used the Genetic Algorithm for Rule-Set 
Prediction (GARP), which uses an evolutionary-computing 
genetic algorithm to develop conditional rules describing the 
ecological niche. 23  Although early evaluations cast doubt on 
GARP’s predictive ability, 24  refined recent analyses indicate 
better performance, 25,  26  and GARP has served well in previous 
ENM analyses of disease systems. 27–  29  All modeling in this 
study was carried out in DesktopGarp (freely available from 
http://www.nhm.ku.edu/desktopgarp/). 

 Within GARP processing, occurrence data points are sub-
divided as follows: 25% are set aside for developing rules 
(training data), 50% for filtering models based on error sta-
tistics (extrinsic testing data), and 25% for model refinement 
within GARP (intrinsic testing data), all contrasted with 1,250 
pseudo-absence points created by random sampling from 
areas lacking known presences. GARP works in an iterative 
process of rule selection, evaluation, testing, and incorporation 
or rejection. Initially, a method is chosen from four basic rule 

types (atomic rules, bioclimatic rules, range rules, or logistic 
regression). 23  Specific operators designed to mimic chromo-
somal evolution (e.g., crossing-over among rules, point muta-
tions, deletions, etc.) then modify the initial rules. After each 
modification, rule quality is evaluated (to maximize both sig-
nificance and predictive accuracy), based on the intrinsic test-
ing data, and a size-limited set of rules is retained. Because 
rules are tested based on independent data (intrinsic test-
ing data), performance values reflect expected performance 
of the rule to estimate true rule performance more reliably. 
The final result are rules that have evolved (hence, the genetic 
algorithm) for maximum significance and predictive ability 
that can be projected onto the broader landscape to identify a 
potential geographic distribution. 23  

 To optimize model performance, we developed 100 repli-
cate models based on independent random subsamples from 
available occurrences. A best subset of 10 models was chosen 
on the basis of omission (leaving out true potential distribu-
tional areas) and commission (including areas not potentially 
suitable) statistics calculated from the extrinsic testing data. 30  
Specifically, we used a relative omission threshold, in which 
the 20% of the models with lowest omission rates were 
retained. We then chose the 10 models having intermediate 
levels of commission (i.e., the central 50% of the commission-
index distribution among the 20 low-omission models). The 
10 models selected by this procedure were summed to pro-
duce a final map. 

   ENM validation.   To test model predictability, we imple-
mented a jackknife procedure developed by Pearson and 
others 31  to test model significance. Each occurrence locality 
was removed one time from the set of occurrence points, and 
a model was built using the remaining  n  − 1 localities. Thus, 
 n  separate predictions were built for testing with one of the 
observed localities excluded in each case. For each prediction, 
different thresholds for distinguishing between presence 
and absence predictions were applied (based on the training 
localities), and predictive performance was assessed based on 
the ability of each model to predict the single locality excluded 
from the training dataset. Taking into account the proportion of 
overall area predicted as suitable (equivalent to the predictive 
performance of a random model), a  P  value was calculated 
across the set of jackknife predictions and tests. For more 
information on how this probability was calculated, we refer 
to the paper of Pearson and others 31 ; an easy-to-use software 
package to calculate this probability is freely available at  http://
www3.interscience.wiley.com/journal/117963712/suppinfo . 

 To test the ability of the different ENMs (i.e., high-
incidence, moderate-to-high incidence, and low-to-high inci-
dence models) to predict plague presence versus plague 
absence accurately across the Western Usambara Mountains, 
we evaluated commission (false positive) and omission (false 
negative) rates using the 48 plague presence locations and 
the 57 absence points. Models must reach an acceptable com-
promise between false-negative and false-positive predic-
tions; models predicting absence everywhere would have 
zero false positives but a high level of false negatives, and 
models predicting presence everywhere would show the 
reverse. In our risk-mapping exercises, for reasons discussed 
below, we accord more weight to false-negative predictions. 
No real rule exists for choosing a particular threshold for 
predicting an area as suitable for plague, so we defined three 
different thresholds: predicted plague-presence areas were 
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areas predicted by ≥ 1 of 10 best replicate models (T1), ≥ 6 of 
10 best replicate models (T6), or 10 of 10 best replicate mod-
els (T10). We chose the best threshold based on associated 
error statistics. 

 To test model transferability to broader regions, we eval-
uated the predicted distributional area for plague based on 
the independent set of observed plague occurrences across 
Tanzania, Kenya, Uganda, and DRC described above. To 
this end, we projected our best niche model (based on mod-
erate-to-high incidence villages) across relevant parts of 
East Africa (Tanzania, southern Kenya, eastern DRC, and 
Uganda). Cumulative binomial probabilities were used to 
assess the degree to which observed levels of agreement 
exceeded expectations under a null hypothesis of no asso-
ciation between prediction and spatially segregated testing 
points. 30  This spatial stratification allows some degree of con-
fidence that at least some part of the pattern documented 
does not result from the effects of spatial autocorrelation. To 
produce a plague-risk map for East Africa, we constructed 
a new ENM using the set of uncorrelated environmen-
tal coverages with the best subset of Lushoto occurrence 
points (20 villages with moderate-to-high incidence) and the 
six locations from surrounding areas to which geographic 
coordinates were assigned. 

   Characterization and comparison of ecological niches.   To 
assess contributions of particular environmental dimensions 
to the niche models, we used a jackknife procedure. 32  We 
developed models using combinations of 9 of 10 environmental 
coverages ( N  − 1 layer models); similarly, each coverage was 
included systematically in analyses to evaluate the explanatory 
ability of each on its own (single-layer models). 32  Inspecting 
model performance based on these two sets of coverages 
in relation to omission error rates then provides a sensitiv-
ity analysis, summarizing contributions of each to model 
predictivity. 32,  33  

 To compare ecological conditions under which plague is 
transmitted to humans in Lushoto, we combined GARP pre-
dictions based on different subsets with the 10 environmental 
data layers into composite grids. The associated attribute tables 
effectively list all unique environmental combinations repre-
sented across the landscape with associated model predictions, 
which were exported and used to construct scatter plots. 

    RESULTS 

 Three sets of models were built using different subsets 
of occurrence points based on plague-case incidence rates 
(7-, 20-, and 48-point locations, respectively); differences 
between them can be seen clearly in the results ( Figure 1 ). The 
model based on the seven high-incidence villages predicted 
a small proportion (2.7% under T6 or the region predicted 
as plague-suitable area by ≥ 6 of 10 replicate models) of the 
training region to have potential plague presence. In contrast, 
the model based on the 48 presence points predicted almost 
the whole mountainous area to have plague present (36.6% 
under T6). In between these two extremes, the model based on 
20 moderate-to-high villages predicted 11.2% under T6 of the 
training region as potential plague distributional area. 

 The jackknife procedure showed that predictions of plague-
case distributions were always better than random expecta-
tions ( P  < 0.01). To compare the ability of the different models, 
we evaluated commission and omission error rates based on 

48 plague-presence and 57 plague-absence points ( Table 1 ). 
In high-incidence models, omission rates were very high in 
many plague-positive villages in the predicted absence region, 
whereas commission errors were low (i.e., most plague-
negative villages were correctly predicted as absent). However, 
models based on all 48 plague-presence locations showed low 
omission rates and high commission rates. Because a good 
model balances omission and commission rates, the models 
based on moderate-to-high incidence villages were the best at 
meeting this condition ( Figure 2 ). 

       Relative contributions of the various environmental datasets 
were assessed using another jackknife manipulation. All vari-
ables contributed importantly to the best model, and elevation 
and mean EVIs in the first dry and first rainy period were the 
most important variables ( Figure 3 ). Plague is most common 
between 1,200 and 2,000 m and in areas characterized by mean 
EVI values between 3,500 and 5,800 in the first rainy period 
and between 2,000 and 4,000 in the first dry period. Mean EVI 
across the year (2,700–5,000) and EVI seasonality (800–2,800) 
turned out to also be important predictors. 

  To test model transferability, we projected the ENM based 
on moderate-to-high incidence villages onto a broader region 
and predicted 15.5% (under majority-rule threshold T6) or 
31,997 km 2  of East Africa as suitable for plague transmission 
( Figure 4 ). We evaluated it using occurrences from southern 
Kenya, Tanzania, Uganda, and DRC. The six historical geo-
referenced plague locations from Tanzania and DRC were 
predicted with high probability by the model under T1–T9 
( P  < 0.01); only under the very restrictive threshold T10 were 
results not significant ( P  = 0.25;  Figure 4 ). 

  To visualize Lushoto plague niches in ecological dimensions, 
we integrated the three ENMs with the base environmental 
coverages.  Figure 5  presents two examples (mean EVI in first 
rainy season versus mean EVI in first dry period and elevation 
versus mean annual EVI). The ecological niche defined by 
models based on high-incidence villages is nested within the 
niche defined by models based on moderate-to-high incidence 
villages, which in turn nests within that based on all presence 
points, consistent with the geographic predictions based on 
different subsets of occurrence points ( Figure 1 ). More gener-
ally, plague in Lushoto only occurs at 1,200–2,000 m elevation 
and with moderate EVIs. 

  Finally, we produced a risk map of plague for East Africa 
based on moderate-to-high incidence villages that was com-

 Table 1 
  Omission and commission errors for three different thresholds  

High-incidence 
model

Moderate-to-high 
incidence model

Low-to-high 
incidence model

Omission
T1 16/48 (33.3%) 4/48 (8.3%) 0/48 (0.0%)
T6 33/48 (68.8%) 8/48 (16.7%) 0/48 (0.0%)
T10 39/48 (81.3%) 21/48 (43.8%) 1/48 (2.1%)

Commission
T1 10/57 (17.5%) 39/57 (68.4%) 56/57 (98.2%)
T6 3/57 (5.3%) 23/57 (40.3%) 49/57 (86.0%)
T10 2/57 (3.5%) 11/57 (19.3%) 35/57 (61.4%)

  The results of omission (true presence and predicted absence) and commission (true absence 
and predicted presence) errors for three models based on 7 high-incidence villages, 20 mod-
erate-to-high incidence villages, and 48 low-to-high incidence villages (≥ 1 case reported), 
respectively. The numbers of sites that were incorrectly classified (false positives and false 
negatives) and the percentages for each of these categories are presented. Models are evalu-
ated using 48 presence and 57 absence points at three different thresholds: predicted plague-
presence areas were taken as areas predicted by ≥ 1 of 10 best replicate models (T1), ≥ 6 of 
10 best replicate models (T6), and 10 of 10 best replicate models (T10). For example, a plague-
positive village that is predicted by 6 of 10 replicate models is considered as predicted plague-
presence area at T1 and T6, but not at T10.  
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bined with observed plague localities in surrounding regions 
( Figure 6 ). Areas around Lake Victoria and mountain areas of 
Kenya, Tanzania, DRC, and Uganda were predicted as most 
important plague-risk areas. Under T6, 45,745 km 2  of the study 
region in East Africa (22.2%) was predicted as potential risk 
area for plague. 

    DISCUSSION 

 In our analyses, all environmental variables contributed 
importantly to the models. Plague areas are predicted to be 
focused at higher elevations (1,200–2,000 m), which coin-
cides with previous studies in East Africa where plague was 
apparently known in the highlands even before the Third 
Pandemic. 34,  35  Plague occurs mainly in highlands in DRC 7  and 
Uganda, where plague cases were more common at > 1,300 m. 13,  36  
In Madagascar, plague-endemic areas focus on the high plateau 
of the island. 37  In the western United States, a geographical 
information system (GIS) -based model indicated that suitabil-
ity for plague increases for elevations up to 2,129 m but declines 
at higher elevations. 38  Besides elevation, plague occurrences 
seem to be linked to seasonal vegetation changes, resulting 
from rainfall variability through the year, and to moderate EVI 
values and reasonably high seasonality, suggesting that forests 
are not suitable for plague; however, because people do not fre-
quently live in the forests, this conclusion could be misleading. 

 We asked why we could predict plague occurrence in East 
Africa using 250-m resolution satellite imagery, which in the 
end provided us with a very real feasibility of risk mapping. 
Why are the conditions described above appropriate for plague 
transmission to humans? In other words, what is the basis for 
this predictability? Has it to do with host distributions or vec-
tor ecology, or are certain environmental conditions neces-
sary for survival or transmission of  Y. pestis ? The plague cycle 
involves hosts (small mammals), vectors (fleas), and acciden-
tal hosts (susceptible rodents, domestic animals, and humans) 

as well as the bacterium itself. Climate may potentially act on 
all components of the system but particularly, on rodent- and 
flea-population dynamics and behavior. Principal climatic 
factors influencing plague actors and their ecology are temper-
ature (related to elevation), rainfall (also possibly related to 
elevation), and humidity. 39  The effects on the plague cycle can 
be direct: soil humidity and relative humidity may impact flea 
survival, 40  and mild temperatures may favor rodent-population 
growth. 41  However, climate and more particularly, rainfall can 
also indirectly synchronize rodent populations 42  or act on food 
availability for rodents, 43  reflecting general influences of cli-
matic factors. 35,  44  

 With the relatively fine-resolution satellite imagery used 
here (250 m spatial resolution), occurrence data must be geo-
referenced accurately, because conditions within small areas 
define areas of suitability. The location of a residence or village 
may be a poor guide to sites of infection. 45,  46  Our focus on vil-
lages with moderate-to-high plague-incidence rates as input 
probably helps alleviate these problems. Nevertheless, instead 
of using village centers as occurrence points, it would be more 
accurate to use hamlet centers (hamlets are subdivisions of 
villages) with high incidence as plague-occurrence input data, 
but these data are not available. Better still would be to use 
animal-occurrence locations instead of human-plague inci-
dence data, but long-term research in the area has not yielded 
useful occurrence data. 

 The different models we constructed can all be useful, despite 
the fact that we considered the model based on moderate-
to-high villages as best for estimating the true potential distri-
bution of plague in Lushoto. We defined this best model based 
on a balance between omission and commission error rates. 
Our model based on only high-incidence villages, predicting 
only a limited area as present, underestimates real plague dis-
tributional areas, but it may delineate areas of highest proba-
bility so that plague research could be focused there, reasoning 
that chances of finding plague are greatest. Contrarily, the 

 Figure 2.    Evaluation of omission and commission error rates for three different models. Graph shows omission (false negatives) and commis-
sion (false positives) error rates for three models based on 7 high-incidence villages (crosses), 20 moderate-to-high villages (black squares), and 
48 low-to-high incidence villages (open circles) evaluated under three different thresholds: ≥ 1 of 10 best subset models predicting presence, ≥ 6 of 
10 best subset models predicting presence, and 10 of 10 best subset models predicting presence.    
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 Figure 3.    Relative contributions of environmental variables. Summary of results of single-layer (upper graph) and N-1-layer (lower graph) 
model analyses indicating mean omission percentages (and standard deviations) calculated based on predictions of 10 best subset models and inde-
pendent testing points. Note that in single-layer models (upper graph), a positive contribution by a variable is indicated by low values, whereas in 
N-1-layer models, a positive contribution by a variable is indicated by a high value.    
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model based on all plague-positive villages clearly overesti-
mates potential plague habitat. The broad-extent risk map that 
was created based on our explorations may also overpredict 
the potential plague region; however, this possibility cannot be 
tested, because no data exist to establish that plague absence 
is real. Nevertheless, we believe that, even if part of the pre-
dicted potential plague region is overprediction, resources for 
surveillance and remediation can be spent better in the areas 
predicted than if they were spread randomly over the land-
scape. These areas are demonstrably higher in probability of 
plague presence than other areas. 

 We chose our best model based on a balance between omis-
sion and commission rates. We were interested in predict-
ing plague presence versus plague absence, but we needed 
to adjust the threshold of the prediction simply to yield the 
desired level of sensitivity. More specifically, we developed 
models based on different subsets of occurrence points, from 
high-incidence models to low-to-high incidence models, seek-
ing to predict where plague will occur, and we tuned our mod-
els accordingly. Certain error combinations were prioritized. 
For instance, a village predicted as plague present but with 
no actual plague records may be a suitable plague habitat, 
but the disease might not (yet) have reached or infected the 
place; infected plague hosts/vectors may be present in a vil-
lage, but people might not have been infected. No transmis-
sion of plague occurred to humans for socio-cultural or other 
reasons, or human cases might have occurred but were not 
reported. A possible local explanation is that many local peo-
ple in Lushoto often link plague incidence to witchcraft, so 

family members may hide sick persons. However, some false 
negatives may be accepted, because the possibility exists that 
villagers living in low-incidence villages may have been 
infected elsewhere but returned home with the infection. 
Indeed, for the model based on moderate-to-high incidence 
villages under T6, all eight false-negative–predicted villages 
had low mean plague-incidence rates with values between 0.02 
and 0.86 per 1,000 inhabitants. Alternatively, misidentification 
of sick persons as plague cases, particularly in times of plague 
panic, may have caused overestimation of plague incidence. 
Moreover, the lack of reliable plague diagnostics at most rural 
clinics in plague-endemic areas of Africa also means that most 
cases are identified strictly on clinical grounds and lack labo-
ratory confirmation, a situation that can lead to many cases of 
febrile illness being wrongly attributed to plague, especially 
after an outbreak or small cluster of actual plague cases. 

 In this study, an ENM approach was applied to the distribu-
tion of plague in the Lushoto District of northeastern Tanzania 
to test the potential of predicting its distributional area and 
identifying key environmental factors. Our main conclusion 
is that the typical focality of plague, observed in East Africa, 
can indeed be predicted using 250-m resolution satellite imag-
ery. Known areas outside Lushoto District that are endemic to 
plague can be predicted well. Moreover, the link with environ-
mental variables, such as elevation and EVI derivatives, makes 

 Figure 4.    Geographic plague distribution in East Africa as pre-
dicted by the best Lushoto model. This map shows the potential geo-
graphic distribution of plague in East Africa, as predicted by the best 
niche model, using 20 moderate-to-high incidence Lushoto villages. 
Darker shades indicate areas with greater model agreement in predict-
ing areas suitable to plague. Districts where plague has been reported 
since 1970 are indicated in green, including Ituri and Nord Kivu dis-
tricts in the DRC, Okoro, Padyere, and Vurra counties in Uganda, 
Kajido, Kitui, Kiambu, and Taita districts and Nairobi and Machakos 
areas in Kenya, and Lushoto and Mbulu districts in Tanzania. This fig-
ure appears in color at  www.ajtmh.org .    

 Figure 5.    Visualizations of plague ecological-niche conditions in 
Lushoto. Two examples of visualizations of plague ecological-niche 
conditions shown in two-dimensional spaces. Displayed are all avail-
able habitat in the study area (light grey diamonds), predictions based 
on 48 low-to-high incidence villages (dark grey diamonds), predictions 
based on 20 moderate-to-high incidence villages (black diamonds), 
and predictions based on 7 high-incidence villages (white diamonds).    
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it possible to develop a risk map for plague in East Africa, 
which is provided in this report. 

 Received July 27, 2009. Accepted for publication December 11, 2009. 
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