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Abstract: Kriging techniques are used to map national public health data routinely
reported to the Centers for Disease Control and Prevention (CDC). Although choropleth
maps are commonly used to display geographic and temporal disease-related events for
political (state and county) jurisdictions, kriged maps may offer opportunities  to enhance
visual communication of event patterns over time. As a geostatistical modeling technique,
kriging takes into account the existing underlying spatial structure of georeferenced
information to produce statistically robust estimates of the pattern and standard errors of
an underlying phenomenon. This geostatistical technique is applied to model estimates of
reported cases by state of Lyme disease.
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1. Introduction

1.1 The purpose of this exploratory research is to consider the use of kriging in mapping
routinely-reported national public health data. Traditionally, choropleth or area maps are
commonly used to display geographic and temporal epidemiologic events. Kriged maps
may strengthen our ability to visually communicate event patterns, especially over time.
As a geostatistical modeling technique, kriging takes into account the existing underlying
spatial structure of georeferenced information (distances among samples or observations).
Statistically optimal estimates and their standard errors for locations with missing data
may be derived and the actual and estimated data represented as a smoothed surface (Cliff
and Ord, 1981; Anselin and Hudak, 1992; Getis and Ord, 1996) using Geographic
Information Systems (GIS).

1.2 Kriging is well associated with the earth sciences particularly in studies of minerals,
soils and hydrology (Journel and Huijbregts, 1978; Delhomme, 1978; David, 1977; Ver
Hoef and Cressie, 1993). The growing availability of computational tools for spatio-
temporal analysis (Venables and Ripley, 1994; Kaluzny et al, 1997) has contributed, as
well, to the use of kriging in other disciplines. For example, in the pharmaceutical
sciences, flow properties of oil-in-water emulsion gels employ kriging to describe 
summarized response surfaces of aqueous thickeners (Marquardt and Sucker, 1998); in
precision farming, kriging generates k classes of site membership values from
multivariate and remotely sensed data sets to derive well-defined maps for improved crop
yield and response (Burrough and Swindell, 1997); in biology, global block kriging is
used to estimate vertical and horizontal distributions of zooplankton populations (Kern
and Coyle, 2000); and, in ecology, the study of disturbed ecosystems in Russia employed
three-dimensional universal kriging based on sequential aerial and space surveys
(Vinogradov et al, 2000). 

1.3 Increases in applications also are noted in the health sciences. In disease epidemiology
and public health, uses of kriging have emerged in the last decade or so including the
mapping of influenza-like illness in France (Carrat and Valleron, 1992); the mapping of



Figure 1: Lyme disease case time series

peak weeks of rotavirus detection in the United States (Torok et al, 1997); kriging of
regression residuals to model local variation of malaria risk (Kleinschmidt et al, 2000);
kriging of incidence rates of rare diseases such as childhood cancers in England (Oliver et
al, 1994); and, use of punctual kriging of addressed-matched vital statistics in the
mapping of spatial patterns of infant mortality and birth defect rates in Iowa (Rushton et
al, 1996).

1.4 Kriging applications also are associated with a variety of recent cross-disciplinary
studies involving  human, or other organismic, health risk and the environment. In the
example of human and ecological risk assessment, plutonium contamination of soils
around the Rocky Flats Environmental & Technology Site were modeled with the
technique of nonparametric indicator kriging to assess risk related to residential
occupancy (Litaor et al, 1995); in the study of air quality, suspected association between
ambient levels of air pollutants and pediatric asthma employed universal kriging for
spatial interpolation of aerometric monitoring station data (Mulholland et al, 1998).

2. Approach

Our approach to employ kriging on routinely reported health data uses the example of 
Lyme disease by state from the CDC data base. Computations are based on S-Plus
software for modeling the spatial structure or spatial correlation of the data. The model is
developed  through the variogram plot of semivariance by describing how sample data are
related to distance and direction. The modeled data results in a kriged national forecast
map, displayed with ArcView software in a Geographic Information System (GIS).  

3. Transition from Choropleth Disease Forecast to Spatial Structure 

3.1 Annual reported cases of Lyme disease by state for the period 1990-1999 were
entered in an Excel spreadsheet. Centroid locations e.g., x, y coordinates of latitude and
longitude, also were merged with the respective state data. The data are representative of
the 48 conterminous “states” of the U.S. and Washington, D.C. (Alaska and Hawaii are
not included).  These data are the basis for modeling the temporal trend of  Lyme disease.

3.2 A 10-year case time series for each state was used to model incidence forward to
establish a stable forecast for 2002 (Fig. 1). The method of autoregressive integrated 



Figure 2: Choropleth design and log incidence

moving average (ARIMA) was compared with, and selected over, a linear statistical
model. Whereas the linear procedure models numbers as independent variables, the
ARIMA procedure accounts for temporal considerations and maintains the integrity of the
data sequence. The sensitivity of the later was reflected by some cyclical appearance of
the disease incidence, both nationally and in the regions (not shown).

3.3 Disease incidence is routinely presented by shaded polygons or a choropleth design
(Fig. 2). Each of these state polygons contains a numerical value of Lyme disease
incidence represented as an area or shaded value within the national framework. Visual
communication of disease risk is oversimplified since all values appear evenly distributed
within a polygon. Additionally, while Lyme incidence may be considered a continuous
variable, values among contiguous states in a choropleth map can differ abruptly at
adjoining borders. Other studied limitations of this design include the visual dominance
of larger states over smaller ones, and often the absence of some measure of statistical
reliability associated with reported incidence. A logarithmic (log base 10) transformation
of reported incidence was done to normalize variability of state data and map disease risk.

3.4 As a transition from a choropleth design to a “surface” more representative of existing
correlation between pairs of points, the centroids of the 2002 forecast were statistically
modeled. The resulting “best fit” model of global or large-scale variation is a 2-degree
generalized least squares polynomial and  predicted surface (Fig. 3). This polynomial
provides the “best fit” in terms of least distortion of pattern in the spatial structure of the
data. Here an expected elevation towards the northeastern U.S. is observed. 



Figure 3: Polynomial trend surface

4. Kriged Spatial Structure and Mapped Risk

4.1 In the next step, state-to-state or local variation is modeled to produce the kriged
surface (Mathematica 3.0 software). In the kriging process, correlations between states
were derived at certain bands of distance through a correlogram and the correlation
structure was used to make choices for kriging the 49 data points to a surface. This
procedure looks at correlations in values between states and provides a covariance
function to determine the distance and shape (spherical) of the spatial autocorrelation. For
Lyme disease, those states closest in distance to each other were found to have the highest
correlated values (reflective of Tobler’s first law of geography: Tobler 1970). Conversely,
those states least correlated in value tend to be furthest apart. This modeled covariation is
taken into account to make kriging choices at varying spatial scales. For this covariance
model, a distance parameter of about 500 kilometers around each data point was selected
for kriging. Values were then generated at each node on a regularly spaced grid
superimposed over the U.S. For example, a 32x32 grid (or approximately 1,000 grid
cells) results in a more definitive surface (Fig. 4) than the previous trend polynomial
while retaining the high values in the northeast. 



Figure 4: Kriged 32x32 grid surface

Figure 5: Kriged and smoothed Lyme disease risk map

4.2 The spatial resolution of the grid set at 256x256 (or approximately 65,000 cells)
results in a highly definitive surface (not shown) expressed as an isarithmic map of Lyme
disease risk (Fig. 5).This smoothed or contour map corresponds to the original state data



and reflects unbiased estimates with least error taking into account existing spatial
autocorrelation.

5. Discussion

5.1 A variety of discussion points are raised in this first attempt to model and forecast the
underlying spatial structure of reported disease incidence, through the geostatistical
procedure of kriging. These include the selection of spatial scale and resolution, estimates
of error variances, kriging other potential covariates of disease risk, comparison with
other methods of smoothing, and kriging as a potential visual or cognitive tool for
communicating spatiotemporal change. 

5.2 It should be noted while kriging provides best unbiased estimates mentioned earlier,
the use of state data provides more of a test of procedures, but not the best choice for
analysis. Centroids of variable and large size states can mask localized clusters of disease
occurrence and therefore bias true distance relationships of disease occurrence among
states. The next step is to use county-level data which will result in larger scale spatial
resolution and improved measurement of disease distance relationships.

5.3 A statistical strength of kriging in the analysis of the spatial structure of data is the
procedure yields estimates of standard errors or error variances for expected cases. The
plan is to develop the error surface much like that shown in the kriged incidence map, for
both state and county reported Lyme disease cases. One promising development has been
recent work to incorporate both kriged incidence and uncertainty of Lyme disease into a
single map display (De Cola, 2001).

5.4 The plan also is to move beyond kriging the spatial pattern of a single dependent
variable and explore multivariate analyses (Hayes et al, 1999) of other possible predictor
relationships with disease outcome. Georeferenced data including temperature and
rainfall; remotely sensed soil moisture, land cover, and vegetation; and available vector
distribution, abundance, tick infection prevalence and human exposure data (Fish and
Howard, 1999) are potential associative covariates for study. Whether administrative,
irregular grid, or point measurements, georeferenced data from these and other sources
can be converted into a regular raster data structure (Burroughs and McDonnell, 1998)
and kriged.

5.5 Kriging is one of several approaches to spatiotemporal analysis based on random
function theory (Atkinson and Tate, 2000). Theoretically it appears to be the best grid
generation method for estimation of a mapped surface. Among other spatiotemporal
methods of analysis, Bayesian smoothing techniques may be the more robust
(Bernardinelli and Montomoli, 1992). Random function theory recently has been
combined with Bayesian maximum entropy (BME) methods (Christakos and Serre,
2000). A comparison of these methods should be incorporated into future research.

5.6 The kriging method, compared to traditional map design, may offer a means to
enhance or supplement the ability to visually communicate temporal disease patterns.
Unlike choropleth maps, kriging is reflective of tracking an underlying disease process.
The kriging design, possibly through a growing suite of sophisticated computer animation
tools, may offer improved readability of this process. 



Although the choropleth map tends to spatially complicate the measurement of an
underlying disease process, in its defense the design is “easy” or straightforward to
construct and comprehend. This design remains the method of choice to communicate
estimated spatial density of reported disease incidence. The use of geostatistics requires
more complex computational choices such as solving for a large set of simultaneous
equations at every grid node, prior study of the data to test for stationarity, determine the
form of the variogram, set neighborhood size and other considerations. The next step in
this research is to explore differences in choropleth and kriged county maps of reported
Lyme disease to determine if there is, in fact, a need to model the spatial structure of this
disease.
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