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FORECASTING HOTSPOTS USING PREDICTIVE VISUAL
ANALYTICS APPROACH

CROSS-REFERENCE TO RELATED APPLICATION

[0001] This is a non-provisional application claiming priority under 35 U.S.C. 119(e) to

U.S. Provisional Patent Application Serial No. 61/182,164 filed on May 29, 2009.

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH OR
DEVELOPMENT

[0002] The United States Government has rights in the present disclosure pursuant to
Contract No. DE-ACO05-76RI01830 between the United States Department of Energy and the

Battelle Memorial Institute.

BACKGROUND

Technical Field:

[0003] The present disclosure generally relates to predictive visual analytic tools, and more
particularly, to systems and methods for generating predictive models of spatiotemporal

events.

Description of the Related Art:

[0004] Visual analytic systems are commonly used in the art to provide analysts with the
ability to study trends in various data using interactive visual interfaces. Moreover, visual
analytic systems allow analysts to interactively explore the collection of any data through
linked windows or views, temporal histories, document aggregations and numerous other
displays. The linked views and interactive displays provide insight to otherwise substantially
hidden correlations between space, time, events, people and places. Specifically, analysts can
search for particular events of interest through statistical tools that are linked to the visual
displays, so as to analyze the data at a deeper level and form hypotheses based upon the

available information. Although currently existing visual analytic systems may allow
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analysts to generate some hypotheses with respect to future events, there is still much room

for improvement.

[0005] As applied today, the primary use of analytic systems is purely reaction-based, or
operates only in response to an event that has already occurred. More specifically, analytic
systems are typically directed toward temporal alert generation, wherein an algorithm
monitors for unexpected events and triggers an alert in response to an unexpected event that
is detected by the algorithm. While this allows analysts to better respond to events and
redistribute resources in an effort to minimize the effects of the events, these analytic systems
are still unable to help analysts predict and deter such events. Furthermore, many of these

analytic systems have been found to become intractable as the data set grows.

[0006] Some analytic systems exist for use in the realm of syndromic surveillance. Such
systems include the Farly Aberration Reporting System (EARS) and the Electronic
Surveillance System for the Farly Notification of Community based Epidemics (ESSENCE).
Although these systems provide analysts with some means of monitoring events, data
exploration and associated analytic capabilities offered by such systems are limited to
reactive rather than proactive alerts. These systems are additionally known to generate too

many false positives for epidemiologists to analyze.

[0007] Therefore, there is a need for systems and methods which provide comprehensive
analyses of current and past events, but also provide more comprehensive predictions for
future events. Moreover, there is a need for systems and methods which indicate regions of
space and time with unusually high incidences of events or hotspots, predict the growth of
such regions so as to plan resource allocation and preventative measures, and further, predict

where future hotspots may occur. There is also a need for systems and methods that are able
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to process a collection of substantially large data sets efficiently and with greater degree of

accuracy.

SUMMARY OF THE DISCLOSURE

[0008] In one aspect of the present disclosure, a method for forecasting hotspots is
provided. The method may include the steps of receiving input data at an input of the
computational device, generating a temporal prediction based on the input data, generating a
geospatial prediction based on the input data, and generating output data based on the time
series and geospatial predictions. The output data may be configured to display at least one

user interface at an output of the computational device.

[0009] In another aspect of the present disclosure, a system for forecasting hotspots is
provided. The system may include an input device, an output device and a computational
device coupled to each of the input and output devices. The computational device may
include a microprocessor and a memory for storing an algorithm for forecasting hotspots.
The algorithm may configure the computational device to receive input data at the input
device, generate a temporal prediction based on the input data, generate a geospatial
prediction based on the input data, generate output data based on the temporal and geospatial
predictions, and output a user interface to be displayed at the output device. The user

interface may be representative of the output data.

[0010] In yet another aspect of the present disclosure, a computer program product is
provided. The computer product may include a computer-readable medium having control
logic stored therein for configuring a computer to forecast hotspots. The control logic may
include a series of program code. The program code may configure the computer to receive
statistical input data, generate a temporal prediction based on the statistical input data,

generate a geospatial prediction based on the statistical input data, generate analytic output
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data based on the temporal and geospatial predictions, and output the analytic output data to a

display device.

[0011] Other advantages and features will be apparent from the following detailed

description when read in conjunction with the attached drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] The disclosed systems and methods for forecasting hotspots are described more or

less diagrammatically in the accompanying drawings wherein:

[0013] FIG. 1 is a flow chart of an exemplary method for forecasting hotspots constructed

in accordance with the teachings of the present disclosure;

[0014] FIG. 2 is a graphical view of a temporal prediction provided by the method of FIG.
L

[0015] FIGS. 3A-3B are pictorial views of a spatiotemporal prediction provided by the
method of FIG. 1;

[0016] FIG. 4 is a pictorial view of user interfaces provided by the method of FIG. 1;
[0017] FIG. 5 is a pictorial view of another user interface provided by the method of FIG.
L

[0018] FHIG. 6 is a pictorial view of additional user interfaces provided by the method of

FIG. 1; and

[0019] FHIG. 7 is a schematic view of an exemplary system for forecasting hotspots

constructed in accordance with the teachings of the present disclosure.

[0020] Tt should be understood that the drawings are not necessarily to scale and that the
embodiments are sometimes illustrated by graphic symbols, phantom lines, diagrammatic

representations and fragmentary views. In certain instances, details which are not necessary
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for an understanding of this disclosure or which render other details difficult to perceive may
have been omitted. It should be understood, of course, that this disclosure is not limited to

the particular embodiments and methods illustrated herein.

DETAILED DESCRIPTION OF THE PRESENTLY PREFERRED EMBODIMENTS

[0021] Turning first to FIG. 1, an exemplary method 10 that is configured to forecast
hotspots, or regions of space and time with unusually high incidences of events, is disclosed.
Moreover, the method 10 may be used provide advanced interactive visualization and
analyses so as to link environments of geospatial data and time series graphs. Time series
events may be forecast for a range of spatial aggregations to further provide a context in
which to explore potential future events. Time series alerts may be generated for current and
predicted event thresholds, by which analysts may be able to explore future event bounds for
resource management and response scenarios. Alerts generated in the temporal realm may be
quickly analyzed in the geospatiotemporal interface to help analysts find patterns in both the
spatial and temporal domains simultaneously. Event distributions may be generated based on
all events that are recorded with respect to any central data collection location, such as a
financial institution, or for instance, a police department, a fire department, or any other
emergency response department. The event distribution feature may then be used to place
predicted events, which may then be correlated with historical data to model the expected
geospatial density of events and maintain temporal coherence with hotspots. In such a way,
the method 10 of FIG. 1 may provide insight into the ongoing impact of current events and

provide advanced warning for future events so as to improve interdiction and response.

[0022] To accomplish this, the method 10 of FIG. 1 may include a step 12 of receiving
statistical input data, a step 14 of generating a time series prediction based on the input data, a

step 16 of generating a geospatial prediction based on the input data, and a step 18 of
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generating analytic output data based on the time series and geospatial predictions. In an
initial step 12, the method 10 may be configured to receive statistical input data, which may
include categorical geospatiotemporal event data derived from, for example, financial data,
crime reports, emergency department logs, and the like. FEach event may provide information
pertaining to the associated location in time and/or space, and further, may be sorted
according to a hierarchical event categorization structure, or the like. The categories may be
filtered by linked data, such as demographic information, or the like. The events may be
mapped to a particular spatial location. Moreover, the data categories may typically be
processed as time series aggregated over a spatial location, such as a county, a zip code, a
collection station, or the like, or alternatively, as spatial snapshots of a small time aggregate,

such as a day, a week, or the like.

[0023] In one aspect of the present application, the method 10 of FIG. 1 may be applied to
a representative categorical geospatiotemporal data set, or syndromic surveillance data.
Syndromic surveillance may be defined as an area of healthcare monitoring that focuses on
the detection of adverse health events using pre-diagnosis information from emergency
departments. Syndromic surveillance data is commonly known in the art as providing
meaningful measures for disease risks in various populations. Such data may be received
from, for example, data provided by the Indiana State Department of Health (ISDH) through
their Public Health Emergency Surveillance System (PHESS). An organization such as
PHESS may electronically transmit patient data in the form of, for example, emergency
department chief complaints from 77 hospitals located throughout the state of Indiana at an
average rate of about 7500 records per day. The complaints may be classified into nine
categories including, for example, respiratory, gastro-intestinal, hemorrhagic, rash, fever,

neurological, botulinic, shock/coma, and the like. The complaints may be used as indicators
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to detect public health emergencies before such an event is confirmed by diagnosis or overt

activity.

[0024] In step 14 of FIG. 1, the method 10 may be configured to generate time series
predictions based on the statistical input data received in step 12. More specifically, temporal
modeling may be performed over a spatial aggregation of data, or the collection of all event
records over the state, county or data collection agency that make up the time series. For
multivariate data, each event category may be modeled as a separate time series signal. To
generate a time series prediction, both a moving average as well as a seasonal-trend
decomposition model may be used. The resulting time series predictions may be used to help
prepare for predicted events. In the case of a predicted outbreak, for instance, time series
predictions may serve to inform appropriate staff members of the type of outbreak, the
regions affected by the outbreak, the symptoms associated with the outbreak, the number of
people that may be affected, the corresponding number of antibiotics or medications that may

be required, and the like.

[0025] With respect to outbreak detection using time series analysis, a commonly used
epidemiological algorithm is the Farly Aberration Reporting System (EARS) alert algorithm

based on cumulative summation (CUSUM). According to CUSUM,

&

(1)

where S, may be the current CUSUM, §,.; may be the previous CUSUM, X, may be the count

at the current time, 1 may be the expected value, “=: may be the standard deviation and k



WO 2010/138864 PCT/US2010/036653

Atty Docket No. 50037/65362.00.WO
may be the detectable shift from the mean, for example, the number of standard deviations
the data may be from the expected value before an alert is triggered. In one particular

application, a 28 day sliding window with a 3 day lag may be applied to calculate the mean,

Uy, and standard deviation, “+:. More specifically, the mean and standard deviation may be

calculated on a 28 day window three days prior to the day in question. Such a lag may be
used to increase sensitivity to continued outbreaks. With the 3 day lag, the current time series
may be extended into the future by calculating the mean of the sliding window. This may
provide analysts with both an expected value for the next three days, or any other specified
amount of lag, and an alert threshold. Such a moving average may be useful for quickly
providing, for example, an expected average number of incoming patients, and thresholds

may be useful for quickly determining alert levels.

[0026] To more accurately model the data, the time series may be viewed as the sum of
multiple components of variation. To separate the time series into its various components,
seasonal-trend decomposition model based on a locally weighted scatterplot smoothing
(LOESS) may be employed. Seasonal-trend components of variation may result from
smoothing the data using moving weighted-lease-squares polynomial fitting, or LOESS, with
a moving window bandwidth in days. The degree of the polynomial may be O (locally
constant), 1 (locally linear), or 2 (locally quadratic). In order to appropriately model the time
series using seasonal-trend decomposition based on LOESS, the mean and variance of the
data may need to be independent of one another. A power transformation may be applied to

the data to accomplish this. In time series analysis, the logarithm transformation may be
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applied when the mean is proportional to the standard deviation. In cases where the data
comprises counts following a Poisson distribution, a square root transformation may be
applied to ensure that the mean is independent of the standard deviation. Analysis of the
syndromic surveillance data received in step 12 may show that the square root transformation
stabilizes the variability and yields a more Gaussian distribution of the time series residuals.
Accordingly, the seasonal-trend modeling may be performed on the square root scale of the

original series in order to remove the dependence of a signal’s variance on its mean.

[0027] Inexemplary application of step 14, the daily patient count data of a given hospital
may be decomposed into a day-of-the-week component, a yearly-seasonal component that
models seasonal fluctuations, and an inter-annual component which models long term effects,

such as hospital growth. The decomposition may be expressed by
W¥e = T+ 5.+ 5 + 0 2)

where for the ¢-th day, ¥, may be the original series, 7; may be the inter-annual component, S;
may be the yearly-seasonal component, D, may be the day-of-the-week effect and r, may be
the remainder. The method 10 may initially proceed to extract the day-of-the-week
component, D,. For example, a low-middle frequency component may be fitted using locally

linear fitting with a bandwidth of 39 days. The value of D, may be the result of means for
each day-of-the-week of the ¥¥: minus the low-middle-frequency component. The current

value of D, may then be subtracted from the <¥: and the low-middle-frequency may then be
re-computed. The iterative process may be repeated until the values converge. Upon
removing the day-of-the-week component from the data, LOESS smoothing may be used to
extract the inter-annual component, 7}, using, for example, local linear smoothing with a
bandwidth of 1000 days. The LOESS smoothing may be applied again to the data with the

day-of-the-week and inter-annual components removed to extract the yearly-seasonal



WO 2010/138864 PCT/US2010/036653
Atty Docket No. 50037/65362.00.WO
component, S;. The yearly-seasonal component, S, may be obtained using, for example, local
quadratic smoothing with a bandwidth of 90 days. Once the day-of-the-week, inter-annual
and yearly-seasonal components have been extracted from the time series, the remainder, r;,
may be determined to be adequately modeled as independent identically distributed Gaussian
white noise, indicating that all predictable sources of variation have been captured in the

model.

[0028] Based on the statistical properties of LOESS, the fitted values ¥ = (?1,. e ‘-‘A"n) may
be linear transformations of the observed data, ¥ = (¥1,..., ¥,). In particular, each step of the
seasonal-trend decomposition may involve a linear filter of the data, wherein an output time

series x = {x1,..., X,} may be generated by an input time series w = wy,..., w, through a linear

combination

= 3)
If H is a matrix whose (i, j)-th element may be #;;, then
= Hw @

or more particularly, H may be the operator matrix of the filter. In such a way, Hp, Hs and Hr

may denote operator matrices of the day-of-the-week, yearly-seasonal and inter-annual filters,

respectively, each having n X n dimensions. Once each of the operator matrices Hp, Hs and

Hr has been determined, the operator matrix for the overall procedure, H, may be written as

N _—

= Ho+ Hr 0 - H ¥+ 50— By — HAU —H) (5)

-10 -
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where [ may be the identity matrix. As shown in equation (5), the day-of-the-week
smoothing, Hp, may be applied directly to the raw data, the inter-annual smoothing, Hr, may
be applied to the raw data with the day-of-the-week components removed, and further, the
yearly-seasonal smoothing, Hs, may be applied to the raw data with the day-of-the-week and
inter-annual components removed. The fitted values may then be obtained using the

expression

Py (6)

v

From this, the variance of the fitted values may be easily obtained using

(7
where &% may be the variance of Y, and further, may be estimated from the remainder term ;.

[0029] In order to predict, for instance, x days ahead, the operator matrix H may be
appended with x new rows, which may be obtained from predicting ahead within each linear
filter. The appended operator matrix may then be used to obtain the predicted value and
variance. For example, to predict the value for day n + 1, the resulting fitted values and

variance may be

= o (8)

and

€))

Accordingly, a 95% prediction interval may be calculated as

-11 -
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13-;“—1 +1 D'ﬁ ‘5 Far {{;« - } (1 0)

Accuracy of the time series predictions may be demonstrated with real data, for example, data
acquired via PHESS from January 1, 2006 through December 31, 2007 for a single
emergency department. The seasonal-trend modeling and prediction techniques may be
applied to the data to generate predictions for January 1, 2008 through January 14, 2008. The
resulting predictions may then be compared to the actual data, as shown in the comparison
plot of FIG. 2. Although the accuracy may decrease as the predictions move further into the
future, the signal 20 corresponding to the prediction model may be able to capture and

substantially mimic the key properties of the signal 22 corresponding to the actual events.

[0030] Referring back to FIG. 1, the method 10 may further include a step 16 of generating
geospatial predictions. While the time series or temporal predictions provided by step 14
may forecast the number of expected events, geospatial predictions may provide analysts
with insight into the expected spatial distributions of such events. Because the time series
predictions may be performed over a wide variety of spatial aggregations, it may be possible
to select between different granularities of the spatial prediction to provide, for instance, a
geographically aggregated distribution and a spatiotemporal distribution. In a geographically
aggregated distribution, spatial predictions may be generated by employing the time series
counts based on an arbitrary geographic boundary, for example, a state, county, a zip code, or
the like, and visualizing the information in the form of a color map. Predictions for a
particular day may result in the actual number of events that occurred and the predicted
number of events, or only the predicted number of events. Such values may provide analysts
with several different comparisons. In one such comparison, the seasonal-trend
decomposition and moving average predictions may be compared with one another to see

where the models disagree, as shown in FIGS. 3A and 3B. More specifically, the seasonal-

-12 -
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trend decomposition model in FIG. 3A may be illustrated using a color map to depict the
different regions and their associated event predictions for a particular day. Similarly, the
moving average model in FIG. 3B may be illustrated using the same color map to depict the
different regions and their associated event predictions for the same day. By simultaneously
scrolling through each of the two models of FIGS. 3A and 3B through time, an analyst may
be able to flag those regions or counties which disagree between the models, such as the

indicated regions 24, and monitor those regions with more caution.

[0031] In contrast with a geographically aggregated distribution, a spatiotemporal
distribution may be able to incorporate a finer granularity of event distributions. Using, for
example, data provided by PHESS, it may be possible to model the spatiotemporal
distribution of patients visiting emergency departments. More specifically, a modified
variable kernel method may be used, for example,

. § -
Fiy = +§E:
&Rt .A’v

i=3

(1D

which may scale the parameter of the estimation by allowing the kernel width to vary based
upon the distance from X; to the k-th nearest neighbor in a set having N - 1 points. The
corresponding window width of the kernel placed on point X; may be proportional to d;,
where d;; may be the distance from the i-th sample to the k-th nearest neighbor. Accordingly,
data points in regions where the data may be sparse may have flatter kernels, and 4 may
correspond to the minimum allowed kernel width. Furthermore, to reduce calculation times,

the Epanechnikov kernel may be used, for example,

3

Fiuy=— r
41 — 1 ‘l'llu”il' (12)

-13-
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where the function ksl =3 may evaluate to 1 if the inequality is true, or alternatively,

evaluate to O in all other cases.

[0032] Using the predicted number of events from the time series predictions of step 14 as
well as the probability density function of event locations from the geospatial predictions of
step 16, it may be possible to generate output data, or distribute and map the events with
respect to some shared geographic location, in step 18. Referring back to the syndromic
surveillance data received by step 12, for example, the population distribution provided by a
particular emergency department may be modeled. For each emergency department, it may
be possible to obtain each patient’s home address, which may further be mapped to a grid
centered about the local hospital. Using equation (11) above, it may be possible to generate a
distribution function which represents the probability that a particular patient will go to the
hospital from a given coordinate, such as a (latitude, longitude) pair. The n predicted events
may then be randomly distributed according to the distribution function obtained.
Performing similar iterations for other surrounding emergency departments may serve to
simulate patient distributions across several regions and counties, or extended to simulate

patient distributions across one or more states.

[0033] Once the events are distributed, output data in the form of a three-dimensional array
may be generated having, for instance, a visualization of a grid of patient locations across a
predicted day as well as the previous ¢ days. A three-dimensional kernel density estimation
may then be performed to maintain the temporal coherence of previous hotspots. This may
be used to analyze if such locations would persist under the assumption that patients will visit
a particular emergency department based solely on the service area distribution of that

emergency department. The estimated density of a particular day’s events, which may

- 14 -
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incorporate temporal history, may be plotted as a ratio of the number of events under analysis

versus the total number of events, which may also incorporate temporal history.

[0034] Based on the output data generated by the method 10 of FIG. 1, one or more user
interfaces 26-32 as shown in FIGS. 4-6 may be provided at a display that is accessible to
analysts. By combining temporal and geospatial visualization techniques, the method 10 and
the associated user interfaces 26-32 may provide analysts with real-time hypothesis testing
and event prediction capabilities. In applying the method 10 to sample syndromic
surveillance data with known outbreaks, it is possible to provide retrospective and
prospective case analyses and demonstrate the relative accuracy of the method 10. The
sample data may include, for example, two years worth of synthetic syndromic surveillance
data from January 1, 2006 to December 31, 2007, which further incorporates data from 33

emergency departments across the state of Indiana and two known outbreaks.

[0035] Inexploring the retrospective and reactive case analysis, a simulated outbreak
containing patients presenting signs of respiratory illness may be introduced beginning on
July 18, 2007 and ending on July 22, 2007. The injection of patients may be introduced
according to a log-normal distribution such that the number of excess patients showing
respiratory syndrome symptoms may be 1 on July 18, 2007, and 18, 8, 5, 3 and 2 for each
subsequent day. As shown in FIG. 4, the method 10 may respond by generating a set of user
interfaces 26-29 that are observable by an analyst. Specifically, first and second user
interfaces 26, 27 may provide color mapped geospatial views at a county level aggregation.
In the disease injection area 34 of the first user interface 26, the affected counties may only
show a slightly higher percentage of respiratory illness than neighboring counties. However,
in the disease injection area 34 of the second user interface 27, the affected counties may

show a significantly higher percentage of respiratory illness. Thus, an analyst comparing the

-15-
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two user interfaces 26, 27 may be able to quickly identify where an outbreak was injected, or
at the least, identify the regions deserving added attention. Similarly, the corresponding time
series views of nearby hospital and counties of user interfaces 28, 29 may indicate alerts 35.
From user interfaces 28, 29, it can be seen that on July 19, 2007, alerts 35 were generated for

the three affected regions located within the disease injection area 34.

[0036] Asshown in FIG. 5, the method 10 may additionally provide a user interface 30
with a more localized view, or a density estimate view, of where the outbreak may be
occurring. Specifically, each view provided by the user interface 30 of FIG. 5 may provide
color maps indicating the density of patients at various hospitals located throughout the state.
Using the user interface 30, an analyst may scroll backwards in time prior to when the first
alert was generated in the associated hospital time series and begin looking at the estimated
patient density thereof. As shown in the successive views of FIG. 5, beginning on July 17,
2007, the estimated density within the disease injection area 36 may remain consistent until
the outbreak reaches its peak on July 19, 2007. By indicating to analysts a higher
concentration of patients across a very specific geographic region, the spatiotemporal model
of the user interface 30 may allow the analysts to focus their attention to just those regions as

opposed to needlessly initiating a multi-county or statewide alert.

[0037] In a prospective or proactive analysis, an analyst may monitor for alerts or
analyzing potential future spreading of already confirmed alerts. In exploring one example of
the proactive case analysis, an outbreak containing patients presenting signs of respiratory
illness may be introduced on December 29, 2007 that is still peaking on December 31, 2007.
The injection of patients may indicate that 6 patients were injected on December 29, 2007,
and 15 and 21 patients for each subsequent day. There may be no data provided beyond

December 31, 2007. In response to the outbreak, the method 10 of FIG. 1 may generate, for

- 16 -
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example, the user interfaces 31, 32 of FIG. 6 providing linked geospatial and/or temporal
models. As shown, alerts 37 may be generated based on a particular hospital’s time series
data for three consecutive days, for example, from December 29, 2007 to December 31, 2007.
An analyst viewing data for December 29, 2007 via the user interface 31 may determine that
the predicted number of patients visiting the hospital over the following two days is expected
to be larger than the generated alert threshold. The analyst may further determine from the
user interface 31 that the alert threshold for the affected county may be substantially less than
the upper bounds of the prediction. Accordingly, the analyst may refer to the linked spatial
models provided by the supplemental user interface 32. Specifically, the spatial models of
the supplemental user interface 32 may indicate predicted hotspots across the state from
December 31, 2007 through January 3, 2008. From the user interface 32, the analyst may be
able to determine a particular hotspot 38 of interest that is located near the hospital in
question. By tracking the hotspot 38 for subsequent days, the analyst may be able to
determine that event levels remain relatively high on January 1, 2008 and January 2, 2008,
and begin tapering off on January 3, 2008. With such information, analysts may determine
the origin, degree and expected length of such an outbreak, and if needed, proceed to issue a

health alert that is more localized to the affected area.

[0038] Turning now to FIG. 7, an exemplary system 40 for forecasting hotspots is
provided. The system 40 may include a computer or computational device 42, an input
device 44 and an output device 46. The computational device 42 may include a
microprocessor 48 and a memory 50. The algorithm for forecasting hotspots, for example,
the method 10 of FIG. 1, may be stored or installed on the memory 50 of the computational
device 42 so as to be readily accessible by the microprocessor 48. Alternatively, the
microprocessor 48 may include on-board memory 51 similarly capable of storing the

algorithm and allowing the microprocessor 48 access thereto. The algorithm may also be
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provided on a removable computer-readable medium 52 in the form of a computer program
product. Specifically, the algorithm may be stored on the removable medium 52 as control
logic or a set of program codes which configure the computational device 42 to perform
according to the algorithm. The removable medium 52 may be provided as, for example, a
compact disc (CD), a floppy, a removable hard drive, a universal serial bus (USB) drive, or
any other computer-readable removable storage device. Upon inserting or electronically
coupling the removable medium 52 to the microprocessor 48, the microprocessor 48 may be
enabled to access the algorithm stored thereon. Furthermore, the input device 44 may include
one or more of a wired or wireless network communication device, mouse, keyboard,
touchpad, touch-screen display, or any other device suitable for communicating data to the
microprocessor 48. The output device 46 may be implemented as a monitor, printer, or any

other device suitable for displaying graphics.

[0039] During operation, the input device 44 may be configured to receive statistical input
data 54 that may be required for modeling predictions for to one or more spatiotemporally
distributed events. More specifically, the input data 54 may include a data set of statistical
information that may be provided by analysts or transmitted electronically from an
emergency department, or the like. From the input device 44, the input data 54 may be
transmitted to the computational device 42. In some embodiments, the input data 54 may
also be temporarily stored within the memory 50 for retrieval by the microprocessor 48. The
computational device 42 may then proceed to convert the input data 54 into analytic output
data 56 in accordance with the algorithm. Moreover, in response to the received input data
54, the microprocessor 48 may access the algorithm from any one of the storage devices 50,
51 and 52, to begin generating hotspot forecasts according to the method 10 of FIG. 1. Once
the output data 56 has been determined, the microprocessor 48 may be enabled to render the

analytic output data 56 in the form of one or more interactive user interfaces 26-32 displaying
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linked spatial and temporal model predictions. The microprocessor 48 may then be enabled

to transmit the output data 56 and the associated user interfaces 26-32 to the output device 46

to be displayed or presented to the analyst.

[0040] Based on the foregoing, it can be seen that the present disclosure provides
comprehensive systems and methods for forecasting hotspots. In addition to forecasting
hotspots, the present disclosure is also capable of predicting the growth of detected hotspots
s0 as to enable analysts to plan resource allocation and preventative measures accordingly.
The present disclosure further provides systems and methods that are able to process a

collection of substantially large data sets efficiently and with greater degree of accuracy.

[0041] While only certain embodiments have been set forth, alternatives and modifications
will be apparent from the above description to those skilled in the art. These and other
alternatives are considered equivalents and within the spirit and scope of this disclosure and

the appended claims.
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What is Claimed:

1. A method for forecasting hotspots on a computational device,
comprising the steps of:

receiving input data at an input of the computational device;

generating a temporal prediction based on the input data;

generating a geospatial prediction based on the input data; and

generating output data based on the time series and geospatial predictions, the
output data being configured to display at least one user interface at an output of the
computational device.

2. The method of claim 1, wherein the input data includes time series
corresponding to one or more of financial data, crime report data, emergency department log
data, and syndromic surveillance data.

3. The method of claim 1, wherein the temporal prediction is based at
least partially on a moving average model.

4. The method of claim 1, wherein the temporal prediction is based at
least partially on a seasonal trend decomposition model based on locally weighted scatterplot
smoothing (LOESS).

5. The method of claim 4, wherein the seasonal trend decomposition
model is configured to extract at least day-of-the-week, yearly-seasonal and inter-annual
components.

6. The method of claim 1, wherein the geospatial prediction is based at
least partially on a geographically aggregated distribution of events.

7. The method of claim 1, wherein the geospatial prediction is based at

least partially on a spatiotemporal distribution of events.
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8. The method of claim 1, wherein the output data is generated using
scalable three-dimensional kernel density estimation.

0. The method of claim 1, wherein the output data is adapted for multiple
spatial aggregation schemes.

10. The method of claim 1, wherein the user interface provides linked

spatial and temporal views.

11. A system for forecasting hotspots, comprising:
an input device;
an output device; and
a computational device coupled to each of the input and output devices, the
computational device having a microprocessor and a memory for storing an algorithm for
forecasting hotspots, the algorithm configuring the computational device to:
receive input data at the input device;
generate a temporal prediction based on the input data;
generate a geospatial prediction based on the input data;
generate output data based on the temporal and geospatial predictions;
and
output a user interface to be displayed at the output device, the user
interface being representative of the output data.
12. The system of claim 11, wherein the input device is a communications
device configured to electronically receive the input data over a network.
13. The system of claim 11, wherein the output device is a display device

configured to output interactive user interfaces.
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14. The system of claim 11, wherein the input data includes time series
corresponding to one or more of financial data, crime report data, emergency department log
data, and syndromic surveillance data.

15. The method of claim 11, wherein the temporal prediction is based at

least partially on a moving average model.

16. The system of claim 11, wherein the temporal prediction is based at
least partially on a seasonal trend decomposition model based on locally weighted scatterplot
smoothing (LOESS).

17. The system of claim 11, wherein the geospatial prediction is based at
least partially on a spatiotemporal distribution of events.

18. The system of claim 11, wherein the output data is generated using
scalable three-dimensional kernel density estimation.

19. The system of claim 11, wherein the user interface provides linked

spatial and temporal views.
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20. A computer program product comprising a computer-readable medium
having control logic stored therein for configuring a computer to forecast hotspots, the
control logic comprising:

first program code for configuring the computer to receive statistical input
data;

second program code for configuring the computer to generate a temporal
prediction based on the statistical input data;

third program code for configuring the computer to generate a geospatial
prediction based on the statistical input data;

fourth program code for configuring the computer to generate analytic output
data based on the temporal and geospatial predictions; and

fifth program code for configuring the computer to output the analytic output

data to a display device.
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