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Abstract

Objective. In this article, we propose new methods to visualize and reas about
spatiotemporal epidemiological data.

Background. E cient computerized reasoning about epidemics is important to
public health and national security, but it is a di cult task because epidemiological
data are usually spatiotemporal, recursive, and fast chanipg hence hard to handle
in traditional relational databases and geographic information systems.

Methodology. We describe the general methods of how to (1) store epidemiod)-
ical data in constraint databases, (2) handle recursive emlemiological de nitions,
and (3) e ciently reason about epidemiological data based a recursive and non-
recursive SQL queries.

Results. We implement a particular epidemiological system called W&iVIS that
enables the visual tracking of and reasoning about the sprahof the West Nile Virus
epidemic in Pennsylvania. In the system, users can do many teresting reasonings
based on the spatiotemporal dataset and the recursively dened risk evaluation
function through the SQL query interfaces.

Conclusions. In this article, the WeNiVIS system is used to visualize and eason
about the spread of West Nile Virus in Pennsylvania as a samm@ application. Beside
this particular case, the general methodology used in the irplementation of the
system is also appropriate for many other applications. Ourgeneral solution for
reasoning about epidemics and related spatiotemporal phesmena enables one to
solve many problems similar to WNV without much modi cation .
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1 INTRODUCTION

Infectious disease outbreaks are critical threats to puldlihealth and national
security [5]. With greatly expanded travel and trade, infettous diseases can
quickly spread across large areas causing major epidemics.

E cient computerized reasoning about epidemics is esseali to detect their
outbreak and nature, to provide fast medical aid to a ected pople and ani-
mals, to prevent their further spread, and to manage them inther ways.

Several characteristics of epidemics make them special grms of computer
reasoning needs. First, epidemiological data are usuallpree kind of spa-
tiotemporal data, that is, they have a spatial distribution that changes over
time. Second, epidemiological data are recursive in natur&€his means that
the best predictions of the spread of infections are based earlier situations.
Third, we need a fast response from any knowledge-base thantans epi-
demiological data. A exible information system that can beeasily modi ed
to model new epidemics is critical in assisting people to hdie the outbreaks
of new diseases.

The above three characteristics in combination pose a di clt problem. Ge-

ographic information systems generally can represent ondyatic objects that

do not change over time, or if they change, then they change lgrslowly, for

example, the population density of counties. Such a slow ange may be rep-
resented in a geographic information system by a limited nuoer of separate
maps. However, continuous change over time is not easy to repent and is
hard to reason about in geographic information systems.

We propose new methods to visualize and reason about epidelogical data.
The major contributions and novel features of our article a& the following:

General method for recursively de ned spatiotemporal mode Is:
We propose a new general method to model a class of recurgiwi# ned
spatiotemporal concepts, which appear in many research aseincluding
epidemiology. In this article, we extend the de nition in [21] to allow
linear combination of the measurements of the indicators dma di erent
time delay for each indicator.

Recursive epidemiological de nitions:
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We apply this new method to express the recursive epidemigioal de -
nitions and predictions about the spread of infectious disses.

Implementation using recursive SQL:

The Prolog language is the choice for recursive de nitiona many knowledge-
base systems. However, Prolog is not good for querying spa¢imporal
data. It is also less well-known than the widely-used Structed Query
Language (SQL), which is the standard query language for Hotrela-
tional and constraint databases. The latest SQL standard atbd to the
SQL language a form of recursion, enabling the expressiontoé needed
recursive de nitions. It is expected that the latest SQL stadard will be
implemented in all major relational database products. As grt of our
contributions, we also implemented for the rst time in the MLPQ [23]
constraint database system, which is one of the most sophcstted con-
straint database systems, the SQL recursive queries.

Epidemiological data stored in constraint databases:

Relational databases and geographic information systemarcnot eas-
ily manage epidemiological data because of their inhereptspatiotem-
poral nature. Constraint databases [10, 12, 22], which areery suitable
for spatiotemporal data, were proposed as extensions of hatelational
databases and geographic information systems. There ardtsare tools
that can export any relational database or geographic infaration system
data into a constraint database [3, 2].

WeNiVIS: The West Nile Virus Information System:

We developed an example epidemic information system for seming
about West Nile Virus infections. This system can show vislig the
spread of the epidemic and any other spatiotemporal data thanay be
generated by the system. We chose this example, because i$ laatypical
infection pattern, it is currently still spreading through the United States,
and data for it was readily available from Pennsylvania's W& Nile Virus
Control Program [19].

The rest of the article is organized as follows: Section 2 deibes some ba-
sic concepts and related work. Section 3 describes the newgmal method
for modeling recursively de ned spatiotemporal conceptsSection 3.1 pro-
poses a general recursive de nition for spatiotemporal coapts. Section 3.2
describes the solution and optimization for the recursiveelnition using re-
cursive SQL query language. Section 4 describes the soure¢adwe use for
the West Nile Virus analysis (in Section 4.1), their interptation and storage
in a constraint database (in Section 4.2), and the West Nile ixus Information
System (WeNiVIS) we developed for the WNV analysis (in Sean 4.3). Sec-
tion 5 presents major results and bene ts of this project. S#ion 6 discusses
some speci ¢ issues about our method and system. Finally, 3ien 7 gives
some conclusions and directions for future work.



2 BASIC CONCEPTS AND RELATED WORK

2.1 Recursive Queries

We give only a brief introduction to recursive queries in raktional databases [4,
6, 21, 26]. Figure 1 shows a relational database table that stzibes child-
parent relationships. A recursive query on this table wouldhe to nd all the
ancestors ofDavid.

Family

Child Parent

David Andrew

David Jane

Andrew | Scott

Andrew | Mary

Mary Tracy

Fig. 1. Relationship of a family.

The latest ANSI (American National Standards Institute) SQ. Language al-
lows a form of recursion, enabling the expression of the algoxecursive query.
We implement the recursive SQL for the rst time in the MLPQ cmstraint
database system. The syntax of the recursive SQL in the MLPQstem follows
the latest SQL standard with only a minor modi cation.

A non-recursive SQL view de nition is a statement of the form:
create view V, as Bj;
where V; is a view name with attributes andB; is an SQL statement that

uses only input relations (tables). SuctB;s are calledbasic SQL expressions
A recursive SQL view de nition has the form:

create view V, with recursive as B, union R;;
whereV; is a view name with attributes. HereV; is de ned using the union

of a basic SQL expressioB; and arecursive SQL expressioiR;, which may
contain a reference tov; or other non-recursive and recursive views.



A sample recursive SQL query that nds all ancestors dbavid based on the
table of Figure 1 can be expressed as follows:

Query 2.1 Find all ancestors ofDavid:

create view DavidAncestors(Ancestor) with recursive as

(select P arent

from Family

where Child =\ David")

union

(select F:Parent

from Family as F; DavidAncestors as D
where F:Child = D:Ancestor)

Figure 2 displays the implementation of Query 2.1 in the MLP(onstraint
database system.

2.2 Constraint Databases Concepts

A constraint databases a nite set of constraint relations. A constraint relation

is a nite set of constraint tuples where each constraint tuple is a conjunction
of atomic constraints using the same set of attribute variables [22]. Hence,
constraints are hidden inside the constraint tables, and thusers only need
to understand the logical meaning of the constraint tablessaan in nite set
of constant tuples represented by the nite set of constraintuples. Typical
atomic constraints include linear or polynomial arithmett constraints.

The MLPQ system is a constraint database system that implemés ratio-
nal linear constraint databases and queries. MLPQ is the abdviation for
Management of Linear Programming QueriesAmong other functionalities,
it supports both SQL and Datalog queries, and minimum/maximm aggre-
gation operators over linear objective functions [23]. Itsi a suitable tool for
representing, querying, and managing spatiotemporal cdnaint databases.
Other constraint database systems include CCUBE [1], CQA/DB [7], and
DEDALE [9], which could be also used.

Li and Revesz [15] considered constraint-based visualizatifor spatiotempo-
ral data but did not consider recursively de ned concepts. Bvesz and Wu [24]
considered constraint-based visualization for recursiyetle ned spatiotempo-



SOL Recursion

RECURSIVE ¥iew | Davidancestors{Ancestor)

A5 (hasic rule)
SELECT | Parent

FROM | Family

WHERE iZhild = "Drawid"

UMION (recursive rule)

SELECT ] F.Parent

FROM |Fami|~,.f as F, Davidanceskors as D

WHERE F.Child = 0. Ancestor

|| | d > |:=:=|| Add Save Dl |

8] 4 | Zancel | Save | Load Clear |

Fig. 2. User interface for recursive SQL in the MLPQ system.

ral data, but they only consider one indicator with a xed time delay. That is
too simple for real epidemiological problems and need to betended. In epi-
demiology, one infectious disease commonly has severaigatbrs (i.e. measur-
able disease carriers) and di erent indicators may have derent e ectiveness
with di erent delay times.

2.3 Interpolation Methods

In a 2-D spatial problem, a point-based spatiotemporal relatn has the schema

of (x,y, t, wi, Wy, :::, Wy), Where the attributes (x;y) specify point locations,
t species a time instance, andv, (1 i m) records the features of each
location.

A point-based spatiotemporal data set only stores informath of some sample
points. To represent the features beyond those nite samplgoints, it is nec-
essary to do spatiotemporal interpolation on them. A shapeaufction based



spatiotemporal method [14, 15] was used to interpolates arichnslates the
original point-based spatiotemporal information into aconstraint relation. Li
and Revesz [16, 15] did an extensive comparison and prove@sh functions
to be the best over the Inverse Distance Weighting (IDW) [25&nd Krig-
ing [11, 17] interpolaters in a test example concerning haaiprice estimation.

Figure 3 shows a point-based spatiotemporal data set conigf of the vertices
shown there, and its \Delaunay Triangulation" network [8].

Fig. 3. The triangulated network of sample points in the state of Pennsylvania.

2.4 GIS Enhancement for Spatiotemporal Information

Geographic Information Systems (GIS) are designed for statdata and need
to be enhanced to be able to reason about spatiotemporal infieation [13, 29].

One such GIS enhancement is given by Theophilides et al. [28ho developed
DYCAST, which is an epidemic spread prediction system basexh spatiotem-
poral interpolation. The DYCAST system was used to predict liman West
Nile Virus infections based on dead bird surveillance dat&owever, the DY-
CAST system does not provide a exible reasoning method.

Another GIS enhancement is given by Ra aeh et al. [20], whase MUuTACLP,
which is a temporal annotated constraint logic programmin¢anguage. While
in theory MUTACLP can describe spatial data by using constrats similarly
to constraint databases [10, 12, 22], Ra aeht et al. [20] & only interested
in using MUTACLP on top of a GIS. The temporal annotations aresimple,
that is, they allow only to declare some atomic formula is tre at a certain
time, true throughout a time interval, or true sometime during a time interval.
MuTACLP is implemented based on Sicstus Prolog 3.8.3.

In contrast to MUTACLP, we use more complex temporal condibns, i.e., we
allow any linear constraint on the spatial variablex andy and temporal vari-
ablet, and our implementation is based directly on the MLPQ [23] ctstraint

database system.



3 METHODOLOGY
3.1 General De nition for Recursively De ned Spatiotempaoal Concepts

Revesz and Wu proposed a general de nition for recursivelyedhed spatiotem-

poral concepts in [24]. Unfortunately, that de nition is too limited for our

current need, because it only deals with one indicator withxed one unit time

delay. In epidemiology, one infectious disease commonlysheeveral indicators
(i.e. measurable disease carriers) and di erent indicatermay have di erent

e ectiveness. The animal indicators also may predict aheaof the human in-

fection with di erent delay times. To consider these extra omplications, we
extend their de nition as follows:

De nition 3.1  Let M;(x;y;t) represent the amount of indicatori measured
at location (x;y) at time unit t. For each indicatori, let w; be the e ectiveness
weight and d; be the time delay to indicate propertyP. Then location (x;y)
has property P during time unit t if

1) i WMyt d) - kor
(2) ka wiM(x;y;t  d) <k
and the location has propertyP during time unit t 1.

Part (1) of De nition 3.1 says that property P holds at time t if the linear
combination of measurements of the indicators at the approjte previous
times (i.e., with their respective time delays) is greateritan some threshold
value k. Part (2) says that P also holds in those areas where the same linear
combination is only betweenk; and k but already had property P at time

t 1

Example 3.1 The West Nile virus has four major types of disease indicater
wild bird as indicator 1, mosquito as indicator 2, chicken asdicator 3 and
horse as indicator 4. Figure 4 suggests that the onset of humanfections
generally occurs three weeks later than the onset of wild biinfections, one
week later than the onset of mosquito infections, about six eeks after the
onset of chicken infections and almost at the same time as therse infections.
Hence, we can assign the time delay for these four indicatas follows:

d1:3; dzzl; d3:6; d4:0

Considering that big animals usually contain more virus tha small animals
contain, we may assign the e ectiveness weight of WNV infeicin to the four
mayjor carriers according to their relative body sizes as fols:

wi=1; w,=0:2, w3=1:5 w,=5
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Fig. 4. The comparison of time lags between the infections orhuman and vari-
ous types of animal hosts K-coordination represents the week in year 2002 and
Y-coordination is the number of reported infectious cases)

We assume that the infected animals reported at time d; are representative
of the entire animal population at the same time and part of tk unreported
infected animals at that time may continue to be infected atdast until time

t.

Suppose we would like to nd the areas on a map that have a highsk of
human WNV infections at time t. Let k = 8 and k; = 4, and M;(x;y;t) be as
in De nition 3.1.

First, we compute the linear combination of the measuremesitof the indica-
tors for each area as follows:

W:PWiMi(X;y;T di)
= Mi(x;y; T 3)+0:2ML(x;y; T 1)+ 1:5M3(x;y; T 6)+5My(x;y;T)

Then the area is at high risk of human WNV infections at week if during



weekt it has

(1) w 8or
(2) 4 w< 8anditis at high-risk during weekt 1.

3.2 Solution and Optimization

The general solution for the problem de ned in De nition 3.1can be formally
expressed as follows.

Given relationsM;(x;y;t;m) where the valuem represents the measurement

of indicator i at location (x;y) attime t foreach 1 i n, let us de ne the
following:
A= T(xyt) JMa(xyit dismg) A i A Mp(yst o dysmg) A

wimi+ i+ wym, kg

B =f(x;y;t) j Mai(xy;t  diymg) A iin A Mp(xyt dyymy) A
ki  wimg+ i+ wym,<kg
Where A is the part of My;:::; M, where the linear combination of measure-

ments of all indicators is greater or equal tk, and B is the part that the
linear combination of measurements of all indicators is b&eenk and k;. The
above de nition can be implemented in the SQL query languageas follows:

Query 3.1 SQL query for linear combination and time delay:

create view A(X;y;t) as

select Mi:X; Mqy; t

from My; i My,

where wiMim+ i+ w,My;m  k;
Mygt=t dy; i Mpt=t dy;
MiXx=:::= MpX;
Mpiy=:::= Muyy

Relation A returns the spatiotemporal locations X;y;t) that satisfy part (1)

10



of De nition 3.1.

create view B(x;y;t) as

select Mi:x; Mqy; t

from My M,

where ki wiMim+ :::+ w,Mym <Kk;
Muyt=t di; i Mpt=t dy;
Mix=:::= M
My =:11= My

Relation B returns the spatiotemporal locations X;y;t) that satisfy the rst
condition of part (2) of De nition 3.1.

Based on relationsA and B and De nition 3.1, we can de ne the areas having
property P at time t as follows:

P=1f(yt) ] Axy:t) _(BXy;t)* P(xy;t  1))g

We found that a direct implementation of the above is very ineient. To
reduce the computational complexity, we expresB by a logically equivalent
formula that is easier to evaluate [24]:

Theorem 3.1
+1 |
P=1(xy:t) jAGYy:t) _  — (Coxy;tm 1) A Ayt m)) g
m=1
where

C=f(xy;tm)j(m=0 "~ B(x;y;t)) _
(m 17 B(xy;t m) ~ C(xy;ttm 1))g

Proof: First, we can prove for anym 1 that

C(x;y;t;m) = " B(x;y;t 1) (1)
i=0

11



as follows:

C(x;y;t;m) = B(x;y;t m) A C(xy;ttm 1)

V )
= LByt i)

Second, by expandind® (x;y;t 1) in the de nition of P we get:

P

fy;t) JAXY;t) _ [B(xy;t)»

(Axy;t 1)_ Byt LDMNPXyt 2)]g

fOGy;t) JAKYt) _ [BOy:t) M Ayt 1) _
[B(x;y;t)* B(x;y;t DN P(xy;t 2)]g

We can continue to expandP (x;y;t 2) and simplify it as follows:

P=f(xy;t) jA(XY;t) _

| |
0 :

B(x;y;t i). NAGY;t 1)

i=0 | |

B(x;y;t i). NP (xy;t m). g

m 1

i=0

Using Equation (1), the above can be further simpli ed as:

P=1f(Xxy:t) JAXY;t) _
(COy; 500N Ayt 1))
i_(Cy;tm D)MP(y;t m))g

Finally, the right hand side of the formula can be expanded to

|
+1

Axy;t) 7 (Cxysttm) A Ayt m 1)). 2

m=0

12

B(x;y;t m) ~ B(x;y;t m+1) & C(x;y;t;m
B(x;y;t m) ~ :i:n B(xyy;t 1) M C(xy;t;0)
B(x;y;t m) A ::™ B(xy;t 1) M B(xy;t)

2)



Based on Theorem (3.1), we can express the optimized recuesEQL queries
as follows:

Query 3.2 The recursive SQL query expressing relatio@ in Theorem (3.1)
is:

create view C(x;y;t;m) with recursive as

(select X;y; t,m

from B

where m = 0)

union

(select X; Yy, ttm

from B; C

where m 1, m M;

Bx = x; By = vy, Bit =1t m;
Cx=x; Cy=y; Ct=1¢t Cm=m 1)

where relationsA(x;y;t) and B(x;y;t) are de ned in Query 3.1. ASsumeCy =
f(x;y;t) ] C(x;y;t,k)g, then we haveC; C; forall1 i<j . That means
for each xed time t the area of C(x;y;t;m) monotonously decreases a®
increases.

To set the boundary ofm, we introduce M 1 that is used to ensure the
termination of the recursive evaluation process. The biggeM is, the more
accurate the result is, but the more calculation is requiredNext, the recursive
SQL query corresponding to relatiorP is:

create view P(x;y;t) as

(select X; y; t

from A)

union

(select Cx; Cy; Cit

from A; C

where Cx = Ax; Cy = Ay; At = Ct Cm 1)

13



4 THE WENIVIS SYSTEM

4.1 The West Nile Virus Data

West Nile Virus (WNV) was originally discovered in the West Nle district of
Uganda in 1937. It causes infection and fevers in humans inrish, West Asia,
and the Middle East. The rst report of WNV in the United State s was found
in 1999 in New York City [18]. Since then, the disease has spdeacross the
United States. In 2003, WNV activity occurred in 46 states ath caused illness
in over 9,800 people [27].

WNV is transmitted to humans through mosquito bites. Mosqubes become
infected when they feed on infected birds that have high leleof WNV in
their blood. Infected mosquitoes can then transmit WNV wherhey feed on
humans or other animals [27].

We obtained data on the spread of WNV in Pennsylvania in 2003dm Penn-
sylvania's West Nile Virus Control Program [19]. The data islude dead wild
birds, mosquitoes, sentinel chickens, equine (horse) vwetary and con rmed
human cases of WNV as explained below.

Dead wild bird: In Pennsylvania's WNV Control Program, the dead birds
were collected by passive surveillance, relying on publieporting through
telephone and Internet. Dead birds and infected birds thatidplay erratic
behavior are highly visible for casual observers to idengifand report in
the areas where WNV may be active. When a dead bird is sightethe
information about that bird and its location is recorded. Thren samples from
each bird are tested for WNV and the results are recorded in ¢hdatabase.

Mosquito: Mosquitoes were routinely collected in surveillance lodans.
All mosquitoes collected in one e ort create a sample of masitpes. Only
adult mosquitoes in the sample are tested for WNV.

Sentinel chicken: Pennsylvania's surveillance system includes sentinel cki
ens. Several ocks are housed near the areas that have densenan pop-

ulations and stagnant water sources. Those ocks are used Hye medical

experts to monitor the presence of the virus. Samples fromdke sentinels
are collected weekly and tested for WNV.

Equine: Equine diagnostic blood samples submitted by veterinariamacross
the state are also tested for WNV.

Since the datasets are not recorded during the weekends, ttiata are sum-
marized to weekly data to generate a continuous surveillaaadataset.

14



We rst compare the onset of several kinds of animal infectrohosts with the
onset of human infections. To show the time relationship beten the number
of various animal disease carriers found and the number of than infection
cases reported, we show in four separate charts in Figure &thumber of the
four animal diseases in red (gray) curves and the number of fman cases in
blue (black) curves. Figure 4 shows that there is a time lag about six weeks
between the onset of sentinel chicken infections and humaases. Similarly,
there is a time lag of about three, one, and zero weeks betwetbe infected
wild bird, mosquito, and equine veterinary cases with respeto the human
cases. Hence while Figure 4 shows that each of the three typasanimal
WNYV infections are strongly related to the human WNV infectons, the various
animal cases provide di erent advance warnings of human WN¥pidemic
outbreaks.

4.2 Epidemiological Data in Constraint Databases

A point-based spatiotemporal data set only stores informatn of some sample
points at some sample times. That is usually what one can ohbiaas the
raw data for infectious diseases. To represent the featuresyond those nite
spatiotemporal points, it is necessary to do sonmspatiotemporal interpolation
on them. Interpolation requires some basic assumptions aliahe nature of
the point data set. Theophilides et al. [28] makes the follang interpolation
assumptions:

(1) West Nile Virus is a continuous phenomenon across space;

(2) Humans are infected at their resident places;

(3) Nonrandom space-time interaction of bird deaths is attbuted to West
Nile Virus infection;

(4) Each dead bird has an equal opportunity of being reported

We make similar assumptions. We di er from [28] by applyingristead of
Knox spatiotemporal interpolation a 2-D shape function-bagkinterpolation

method, which Li and Revesz [15] found to be the most reliabkemong sev-
eral well-known spatial and spatiotemporal interpolation rethods. It is easily
implementable in constraint database systems, as we willeséater.

Before the interpolation, we need to get some data point fromach county in
Pennsylvania. We have the positions of 102 cities and town$ Bennsylvania.
We pick as a sample point the biggest city of each county based the 1990
city population census in Pennsylvania. If a county is too sall to have any
cities on the list, we arbitrarily pick the center of the couty as the sample
point.

15



Figure 5 shows a part of the constraint relation that descries the result of a
linear shape function-based interpolation [15]. The congtint relation contains
many constraint tuples (rows).

Each constraint tuple contains three or four constraints. e rst three con-

straints represent the area of a triangle as the intersectioof three linear
inequality constraints overx andy. The fourth constraint is a linear equation
that represents the danger leveh of WNV infection to humans. The danger
level is calculated by a spatiotemporal interpolation oveall locations (X;y)

and timest of the known infection data. We can predict the number of hunra
WNYV infections by some product of the danger level and the tat human
population in that location.

In each tuple theweekattribute always represents the time measured in weeks
past January 1st, 2001, hence the week starting January 12001 would be
week 1, the week starting January 8th, 2001 would be week 2 eknally, we
also give a uniqued value to each triangular area for easy identi cation.

WNYV Birds

Id | Lat | Long | Week | #WNVbirds

x 014y 8583

1| x y 122 m X +0:4y 64:13
x 0ly 7654
m=0
X +1314:06y 5228418,
2| x y 122 m X +126:09% 510143
X 21155y 850474
m=0

x+1:73y 14776,

65| X y 130 m X 4.0% 85.06,

x 0:26y 8839
m+2:28& 059% = 20129

Fig. 5. Weekly number of WNV-infected birds in Pennsylvania during 2003 repre-
sented in a constraint relation.
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4.3 Implementation of the WeNiVIS System

The West Nile Virus Information System (WeNiVIS) is an epideniological
information system designed to manage the spatiotemporal MY information.
It is a two-layer client/server system built on top of the MLPQ constraint
database system and has many unique functionalities.

The WeNIiVIS system has ve major components shown in Figure &s follows:

(1) Recursive reasoning interface provides a convenient user interface to
de ne the recursive epidemiology concepts.

(2) Visualization window can accept and display the spatial result of the
reasoning in a set of snapshots or animation.

(3) Time navigating bar can be used to track visually the spread of WNV
over time. It is especially helpful when users have to trackna compare
several maps with di erent indicators using di erent time lags.

(4) SQL query interfaces are helpful to guide users in generating correct
SQL queries.

(5) Socket-based communication module  takes care of the data com-
munication between the WeNiVIS system and the MLPQ system.

WeNiVIS System

Time
Navigating Bar

1z

Visualization Formated SQL
Window Query Interfaces

<2 afs <=

Socket-based Communication Module

J L

Socket-based Remote Access Interfaces

1z 1z

Recursive SQL Module Datalog Module

Recursive Reasoning
Interface

MLPQ Constraint Database System

Fig. 6. The Software architecture of the WeNiVIS system.

Figure 7 shows the interface of the WeNiVIS system. The useart generate
many visualization windows in the frame window. In Figure 7each visualiza-
tion window represents one indicator of the WNV infections.
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Fig. 7. The WeNiVIS system in analyzing WNV infections.

As shown in the center of Figure 7, the recursive reasoningatbhg box pro-
vides a simple interface for the user to generate complex vesive queries. It
only asks for the values of several critical parameters andrt automatically
generate a recursive query based on the general format dechin Query 3.2.
The new recursive query is sent to and evaluated by the MLPQ siem.

The WeNiVIS system has two kinds of time navigating bars. Théocal time

navigating bar on top of each visualization window is used teghoose the
time of the map displayed in that window. The changing of theiime in each
visualization window by its own time navigating bar is indegndent of the time
in the other windows. On the other hand, the global time navigting bar in

the frame window can be used to change the time of all visuaizon windows
within that frame window at the same speed. For example, theser can rst set
the time of one visualization window as 122 and the time of atieer window

as 125 by their own time navigating bar. Then the user can usée global
time navigating bar to browse both of these two windows simtaneously.
This function is helpful when the user wants to check visuallthe e ects of

the distribution of the several indicators, which may have derent time delays

with respect to the target property.

The SQL query interface has a xed format for di erent kind of SQL queries.
The WeNiVIS system supports basic, aggregation, set, nedtand recursive
gueries on constraint databases.
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5 RESULTS

5.1 Flexible User Interfaces with a High-Level Language

In the WeNiVIS system, users can do many interesting reasogs based on
the spatiotemporal dataset and the recursively de ned riskvaluation through
the SQL query interfaces. We have ve tables de ned as follasv

Risk(x, y, t, w) is the result of the recursive risk evaluation based on
De nition 3.1 and Query 3.2. It stores the predicted risk vale asw at
location (x;y) during time unit t.

City(id, x, y, name, pop) stores information about the cities in Penn-
sylvania. Attribute popis the population of the city based on the census of

year 1990.

Event(id, title, organizer, t, cid) stores information about conferences
and other events that are scheduled to be held in citgid at time t by the
organizer.

Mi(X, y, t, m) is the constraint-based interpolation result of the measure
ments of WNV-infected dead birds.
My(x, y, t, m) is the constraint-based interpolation result of the measure
ments of WNV-infected mosquitoes.

Next we describe some sample queries that can be executedhie WWeNiVIS
system.

Query 5.1 Returnthe regions that have a high risk of human WNV infectias
at time t according to the measurements of both infected birds and npstoes.

create view A(X;y;t) as

select X; y; t
from M1 M,
where Mit=t 3 Myut=1t 1,

Mix=X; Max=x; Muy=y;, May=y;
Mim + 0:2M5:m 1:4

create view B(Xx;y;t) as

select X; y; t
from M1, M»
where Myt =t 3 Mt =1t 1

Mix=X; Max=x; Myuy=y;, May=y;
04 Mim + 0:2Mom < 1.4
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In the above queries, we sdt =1:4,k; =0:4, andM =4 as the upper bound
of variable m and directly execute the optimized recursive SQL Query 3.2t
compute relationsC and P. Of course, epidemiology experts may choose any
other values as desired. Figure 8 is the output of this queryt ime t = 139
and the actual human cases at that time.

(a) bird & mosquito predication for week 139 (b) human cases in week 139

Fig. 8. The prediction of human West Nile Virus infections in week 139 based on
bird and mosquito indicators.

Query 5.2 Pennsylvania health o cials want to nd and warn the organizers
of the events that are scheduled to be held in a city when it ista high risk
of WNV infection.

create view WarnList (organizer) as

select E:organizer
from City asC; EventasE; Risk asR
where Cid=E:wcid; Cx=Rx; Cy=Ry; Rt=E:it; Rw 1

Query 5.3 Find the total population of the major cities in the areas tha is
at high risk of WNV infection in week 141.

create view InDanger (population) as

select sum (C:pop
from City asC; Risk asR
where Cx = Rx; Cy = Ry, Rt = 141, Rw 1

Query 5.4 A big sport event is scheduled to be held in Pennsylvania at ek
141. Any city with more than 50,000 population in the state ca host the event.
People want to know which city will be safe from WNV infectios during the

20



event time.

create view CityList (id;name) as

select id; name

from City

where pop >= 50000, id notin
(select C:id

from City asC; Risk asR
where C:x=R:x; Ciy=Ry; Rt=141, Rw=1)

The above queries are easy to understand and are e ciently alated by
the WeNiVIS system. Comparing the size and complexity of a C# or Java
program needed to solve the same problem based on relatiodatabases, SQL
and constraint databases provide a more concise and manadgleaapproach. A
simple and independent query solution makes the program gas understand
and maintain.

5.2 Enhancement of Tracking and Reasoning about Epidemics

The WeNIVIS system is used in analyzing the spread of the WebBlile Virus
epidemic in Pennsylvania. Figure 9 displays the distributin of infected ani-
mals and humans for week 139 using a color band display withrétar colors
meaning more infections. We have four di erent small maps. fie distribution
of infected wild birds is shown in the upper-left, mosquitoes the upper-
right, horses in the lower-left, and humans in the lower-righivindow. The
gure shows that the four cases are only weakly correlated thi each other
during the same week. Hence a time delay is needed in the arsdy

We already mentioned in Section 4.1 that the dead wild bird da are followed
by the human cases after about three weeks. Figure 10 showstba left side
the predicted high-risk areas based on the infected wild birdata alone and on
the right side the actual observed human cases. In generaithe predictions
we used De nition 3.1 with valuesk; = 0:4 andk = 1:4. We found these values
by experiments. The smaller values df; and k will generally yield more areas,
but they may overpredict the risks and be less accurate.

In this article, the WeNiVIS system is used to visualize andeason about the
spread of West Nile Virus in Pennsylvania as a sample applitan. Beside this
particular case, the general methodology used in the implemtation of the
system is also appropriate for many other applications.
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Fig. 9. The distribution of West Nile Virus infections in week 139 (upper-left: birds;
upper-right: mosquitoes; lower-left: horses; lower-right human).

First, with the additional data available, the system can bedirectly applied
to any other states in which West Nile Virus may occur. We onlyneed to
translate the new state's data into a constraint database fmat, similarly as
we have done for the Pennsylvania data set.

Second, based on our methodology, similar tracking and ressng systems can
be implemented for other epidemics besides the West Nile U# epidemic.

Third, there are many other diseases that have recursive gad characteristics
that are similar to those of epidemics. For example, some iahted diseases
can be naturally de ned by recursive de nitions. The systentan be also used
to track and reason about many of those diseases too.

Finally, the recursive de nition seems also natural for may other problems in
medicine. For example, the current status of a chronic patitis closely related
to his/her previous status. Our methods can be adapted to thee situations
too.
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Fig. 10. Left side: The predicted high-risk areas (dark colo areas) based on the
infected wild bird data. Right side: The actual distributio n of human infections
(darker color areas mean more infections) three weeks aftethe wild bird data to
its left.

6 DISCUSSION

Although the WeNiVIS system is implemented and tested on thgVNV data
of Pennsylvania, there are several general issues that ndedbe mentioned.

First, in the spatiotemporal interpolation process, we magl four interpolation

assumptions in Section 4.2 similar to Theophilides et al. 2 However, we
have to point out the sensitivity of these assumptions to thactual data being
interpreted. Theophilides et al. [28] applied their methodwithin New York

City, where each district has a high density. Since New York i is heavily

interconnected with a huge commuter population, assumptio(2) may not

hold.

We apply our interpolation over the whole state of Pennsylvaa with a high

variation of population density with the Philadelphia and the Pittsburgh areas
having higher and the middle areas lower population densis. In this case,
assumption (2) may be more reasonable, but assumption (4) snde less
reasonable. Indeed, it is more reasonable to assume that reas with a higher
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population density, a dead bird has a higher \opportunity" @ chance of being
reported than a dead bird in a low density area.

However, in this article our intent is not to make a medicallyalid interpolation
but to illustrate some methodologies and leave it to the medal experts to
test the methodology with empirical data and decide whethet is applicable
to the particular epidemics that they study.

Second, we only consider the relative size of each kind ofeafed animal
in assigning the e ectiveness weight for it in Example 3.1. lkernatively, the
e ectiveness weight for a type of animal may be based on howosk it generally
lives to human beings. Intuitively, the closer an animal ligs to human beings,
the more likely it is to infect them.

Third, for spatiotemporal applications, recursive querie are not expressible
using the basic query languages of GIS systems. Some relagiodatabases
and knowledge-base systems provide recursive queries, by do not pro-

vide spatiotemporal data representation. Hence the visuahtion of recursively

de ned concepts cannot be easily handled by these systems$i€y would usu-

ally require some special functions to be written in a programing language
like C or C++ and added to a library. In contrast, our system ory uses stan-
dard SQL queries to solve the problem. Therefore, the prograis a simple,

declarative, and high-level query that is easy to maintain. fiis feature is im-

portant, because the requirement of visualizing recursilyede ned concepts on
spatiotemporal data is frequent enough to need a general asunple solution

method.

To manage a new epidemic in the WeNiVIS system, only the folling modi-
cations need to be made:

Generate new base map in constraint databases: a softwaremed cdbdump
can be used to translate ArcGIS map le to a constraint databse format.
Interpolate measurements of indicators using shape-funati based interpo-
lation methods implemented incdbdump

De ne and examine the parameterk and k; in the SQL query to model
the new epidemic.

Apply the model to predict the new epidemic and check its coectness.

Based on our general de nition for recursively de ned spattemporal concepts
and recursive SQL query solution, the WeNiVIS system can basly extended
to handle di erent epidemics.
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7 CONCLUSION

Our general solution for reasoning about epidemics and reda spatiotemporal
phenomena enables one to solve many problems similar to WNVtlwout much

modi cation. The user does not need to search for di erent adhoc solutions
for each speci c epidemiological case.

There are still many interesting directions for future work For example, we
are currently extending the WeNiVIS system by allowing the ser to specify in
a convenient way the color of each overlay object. We are alsgpanding the
recursive SQL generatorso that the user can select an object and calculate
the growth in its area between two di erent time instances. Bsides improving
WeNiVIS, we are also branching out to other epidemic applitans.

These and other issues remain interesting research topics the future. We
provide free copies of the WeNiVIS system to researchers apadtential users
who would like to try it out on WNV or other similar infectious disease data.
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