Mining Spatial Trends by a Colony of Cooperativet Agents

Ashkan Zarnani

Abstract

Masoud Rahgozar

[7] and further improved it in [6] exploiting théatabase

Large amounts of spatially referenced data haven beprimitives for spatial data mining introduced Bi.[Having

aggregated in various application domains such

gonstructed the neighborhood graph the algorithopgsed

Geographic Information Systems (GIS), environmentgets a specified start objeztfrom the user. Then it has to

studies, banking and retailing, which motivates hirghly

examine every possible path in the graph beginfiog o.

demanding field of spatial data mining. So far manjyor each path it performs a regression analysisiam

optimization problems have been better solved iegpby
the foraging behavior of ant colonies. In this pape

spatial values of the path vertices and their disgafromo.
But the search space soon becomes tremendouslybyuge

propose a novel algorithm for the discovery of mpat ?ncreas.ing the size of neighborhood graph and mékes
trends as one of the most valuable and comprehenslmposs!ble to do a full search.' In order to prLIme $earch
patterns potentially found in a spatial databasaur Ospace it assumes that a desired trend will nevee lits

algorithm applies the emergent intelligent behawbrant
colonies to handle the huge search space encodritetige
discovery of this knowledge. We apply an effectiveedy
heuristic combined with the trail intensity beiragd by ants
using a spatial path. The experimental results orea
banking spatial database show that our method iggeemh
efficiency in performance of the discovery procass in
the quality of trend patterns discovered compacedther
existing approaches using non-intelligent heursstic

1 Introduction
Many organizations have collected large amounts
spatially referenced data in various applicatioeaarsuch

regression confidence below a user given threshddyve
incrementally construct a possible path, we wowdsehto
resign from further extending it when the regressio
confidence of the current path becomes bellow the
threshold. But this assumption is a restricting, @seit may
mislead us by forcing a trend to stop from growhiatt
would get much higher confidence if not blocked.

Many solutions for NP-Complete search and
optimization problems have been developed basethen
cooperative foraging behavior of ant colonies 2pwever
less attention has been given to apply this powerfu
#pspiration from nature in the tasks of spatialadatining.

In this research we introduce a new spatial treztgalion

as Geographic Information Systems (GIS), banking arflgorithm that uses the phenomenon stigmergy i.e.

retailing. These are valuable mines of knowleddal for

indirect communication of simple agents by meantheir

strategic decision making and motivate the highlgurrounding environment, observed in real ant def].

demanding field of spatial data mining i.e., disexgvof
interesting, implicit knowledge from large amournt$
spatial data [11].

It also combines this behavior with a new guidirgitistic
that is shown to be effective. We succeeded to Iratte
non-polynomial growth of the search space, antdeasame

So far many data mining tasks have been investigatéme retain the discovery power of the algorithm,dting
to be applied on spatial databases. In [11] spati§dch ant agent to cooperatively exploit the colonies

association rules are defined and an algorithnrapgsed

valuable experience. Also in contrast with the dthm

to efficiently exploit the concept hierarchy of spatiaProposed in [6] our algorithm is not dependenttauser.
predicates for better performance. In [8] and ][10t doesn’t get a specified start object from therusor

algorithms are designed for the classificationpatal data.

needs it to input a pruning threshold. This briegse of

Shekhatet al. further improved spatial classification in [12]use and wider applicability to our method as ificiency

and also introduced algorithms to mine co-locapatterns and performance is independent from the user. We ha
[9]. Spatial trends are one of the most valuabhel a conducted some experiments on a real banking spatia
comprehensive patterns potentially found in a spatidatabase to compare the proposed method with the

database. In spatial trend analysis, patterns ahgh of
some non-spatial attributes in the neighborhocahabbject
are explored [6] e.g. moving towards north-easimfrine
city center the average income of the populatiameases
(confidence 82%). In pandemic preparedness chipkea
spatial trend analysis on the number of infectepupation
can reveal the directions of the pandemic spreéan also
be used to detect the spatial source of the pamdemi

algorithm proposed in [6] which is being widelycapted
and used. The results show that the proposed #digotias
higher efficiency in performance of the discoverpqess
and in the quality of trend patterns discovered.

2 Spatial Trend Detection
Some spatial relations (called neighborhood refadidike
direction, metric and topological relations betwetre

Ester et al. studied this task proposing a generabbjects are formally defined to be used in spatiata

clustering algorithm and its application in trenetettion
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mining [8]. Based on these relations the notiorfs o



neighborhood graph and neighborhood path are dkfise SO Ll ST
follows: ; ST

DerINITION 1: let neighborbe a neighborhood relation and
DB be a database of spatial objedtsighborhood graph G - L
= (N, E) is a graph with nodé$é= DB and edge& ZNWN _ - At IR
where an edge e (A1, n2) exists iffneighbor(r, nd holds. -

DerINITION 2: A neighborhood patlof lengthk is defined E e '_ \ _ Ao |
as a sequence of nodesl[ n2,..., nk whereneighba(ni - AN R
,ni+1) holds for alhi*N ,1di k. ) P

As we have the location dimension in a spatial
database one useful potential pattern could behhage of
a non-spatial attribute on a neighborhood path watpect
to its distance form a reference object. E.g. b@gmform This trend matches an important street and shoats th
a trading center in the city and moving on a specifgoing towards north on this street there is a vgriowth of
highway towards the west, the unemployment ratevgro number of long term accounts. A desired informative
Having available the desired neighborhood grapte ttspatial trend pattern would not be crossing thespa an

Figure 2: The city regions with bank points

notion of spatial trends can be defined as foll§&ys

arbitrary manner. So a direction filter (see figura) is
applied when forming the path of the trend beingrexed

DerINITION 3: A spatial trend is a path on the neighborhoofb, 7].

graph with a length k of nodes that the confidenfe
regression on its nodes data values and theirndistcom
start node (see figure 1) is above a minimum foacti

(a)

Figure 1: (a) Regression line for a trend, (b) fediion
filter

The minimum confidence is an objective criterion 'Qmalle

evaluate the significance of a trend. One candés$ime and
use his own filter direction and neighborhood iiela to
further customize the trend analysis to make itf@on to
the requirements of a specific problem.

Our example spatial database contains the age

locations of a national bank and their variousriial data
like the count and remainder of different kindsaotounts.
A map of these point and city regions is shownigarie 2.
A possible trend of 15 nodes is also depicted.

As an example we may want to find trends of the

To discover the trends in a neighborhood grapthby t
algorithm proposed in [6] having feasible nodes on
average to extend a path, we would have to nzgiaths
to examine their regression confidence, where rhés
maximum trend length. It's impossible to examinés th
amount of paths even for not much large values (#.9.
n=20). This condition gets worse when the user haamp
specific start object in mind, and wants the aldoni itself
to check different start objects.

For efficiency, the algorithm allows a path to be
extended further by the next set of feasible naflats
current confidence is not bellow the threshold gibg the
. This heuristic force the search space to rheco
r but can easily miss a high confidence triérits
confidence is bellow the threshold somewhere imtidzlle
of its path. In figure 3 a sample of this situatisrshown in
which the algorithm will stop path extension wherisiin
nodei as the regression confidence of the path fronfittsie

"G¥de toi is bellow the threshold. However this path would

have a confidence much higher than the threshohbif
blocked and continued.

number of long term accounts in bank agenciesirstart
from arbitrary agency points. Having discovered hsuc
trends, we can try to explain them by some spatial
attributes. For instance a trend could be matchingad or

a highway. We can also check if there are any nvaich . o . .
trends on the same path but in other thematic $alike Figure 3: Missing a trend in node |
demographic or land use layers. A trend can alsdigt the We have managed to remove this restricting
data value of a new point on its path with a réligb assumption by using distributed cooperative annegyto
fraction equal to the regression confidence. Inldheking improve the performance of the search process.

context the sample discovered trend (figure 2) lmamsed

to predict the number of long term accounts in & ne3 Ant Colonies for Search and Optimization
established agency on its path. Ant Colony Optimization (ACO) is a new meta-hetidst

Distance



inspired by real ant colonies in nature. Ant codsni feasible spatial object from the neighborhood gressiich
intelligently solve complex discrete problems lifiading can effectively guide the trend detection procésmnaant.
shortest path although its individuals are verypdamand
not intelligent enough to solve such problems @irtbwn. 4 ACO Algorithm for Trend Detection
The main underlying idea is to use a multi-agenalpel  In our approach for trend discovery different agrats will
search on the different possible combinations dfitem start form different points of the graph searchifuy
components. The decision to choose a componerasisdb increasing spatial trends. Note that each decrgasind is
on a local problem data and a dynamic shared glob&ko an increasing one.
memory of the colony that contains a history ondhality
of previously obtained results [2, 5]. 4.1 Pheromone TrailsThe quality of an ACO application
depends very much on the definition assigned to the
3.1 ACO Meta-Heuristic. To solve a combinatorial pheromone trail. As previously mentioned the ant§ w
optimization problem, the ant agents concurrentbwento  search for increasing trends only, adding the doewof an
the next state selecting a component and formipgréal edge to the properties of the pheromone laid. Aghene
solution of the problem. This move is done by &lséstic trail value is considered for each directed edgethaf
decision policy directed (i) by the ant's privatéormation neighborhood graph, making the pheromone matrix
(internal state, or memory) and (ii) by publiclyadtable asymmetric. When an ant is in nodeaRd selects jRas the
pheromone trail and a priori problem-specific locahext node, its pheromone is laid on the edie(@d not
information, i.e. the two parameters wdil intensity and  Eji). Thus W , the amount of pheromone oij Encodes the
attractivenesg2]. For an ant k in statie the probability to ¢ i ’ f select deivhen | de Pto f
choose statpdepends on two values: a_\vorabl Ity of selecting nodejvhen in node Fto form a
_ . high confidence increasing spatial trend.
X /I( : The attractiveness of the next feasible
) Heuristics for Spatial Trend Detection.Another
ant feature of an ACO application is the cleodf a
good heuristic to incrementally build possible siolos,
o _ which will be used in combination with the pheroraon
x| - The trail intensity of the move that representgformation. We applied two heuristics for guidirige
the quality of the previously evaluated solutiondiscovery of spatial trends. First closer nodespaegerable
containing the component,, thus providing 40 the ones far from the current node, as theynaoee
posteriori desirability of the move. likely to be correlated. Second we.would !lke th?é_ue of
the next node to match better with an increasingal
regression model. This means that we would prdfer t
nodes with a value higher than the last node ofctireent
increasing path. To apply this second heuristic used
equation 3.2. The heuristic value for selectingengdfrom
jnode P will be calculated by the following formulas:

S 4.2
component, which is computed by a problerri1m ort
dependent heuristic providirey priori desirability P
of the move.

The trail update is usually done when all of thésan
have finished their incremental solution constactiThe
amount of pheromone to be laid over the componasesl
in a solution depends on its quality, defined défely in
various problems. The whole procedure is iterajive

repeated in a loop until a stopping criteria isséad. Also (4 1) D;; 1/pistance(i, j)
a mechanism dfrail evaporationis applied which lets the -

. - . . Slope(i, j) 45
colony to avoid unlimited accumulation of trialsemxsome  (4.2) S; 1 |——
component [4]. 135

4.3) Ki Dy "8,

3.2 ACO for Spatial Trend Discovery. ACO has been
recently used in some data mining tasks, e.g.ifilz®on Where and are the relative importance of distance
rule discovery [13]. However considering the obales heuristic and slope heuristic, respectively apd is the

faced in the problem of spatial trend detectiore (section N
2) we can see that ACO can suggest efficient ptigsein
these aspects. Firstly as the definition of theblam
suggests, the ant agents can search for the ttanthg
from their own start point in a completely distribd
manner. This omits the need to get the start paide from
the user. Secondly to guide the stochastic sedrttea@nts,
the pheromone trails can help the ants to exphatttend : . .
detection experience of the colony. This guidessisarch the ants to build feasible SO'““QnS' Ant agenaits‘_’rom
process to converge to a better subspace potgntia_(ﬁ'ffer,em nodes and form a candidate trenéj by apldodes
containing more and better trend patterns. Finatyne 'teratively. Each ant k has a memowm “to store the

measures of attractiveness can be defined fortsejea nformation of the current path including the nadteir
values, distances and also the main direction & th

attractiveness of the nodg¢ When in node P Slope(i,j)is
the slope(in degrees) of the line fromt® H (x coordinate
is the distance formiPand y coordinate is non-spatial
values).

4.3 Building Candidate Trends.The pheromone trail and
the heuristic information defined above will nowdsed by



candidate trend. The selection of the next node isrm accounts in each bank agency point) are peovid

stochastically done by assigning a probabiﬁfyfor ant k Table 1 (a): Node values
to select nodejRvhen the last node of the trend isbly the Minimum | Maximum | Average| Std. Deviation
following formula: 1 39025 4623 15631
aW &1) aK o . . .
Iﬂ N .33 ZNN'Y - allowed, (b) Neighborhood graph properties
a a o R B
W, K % Min. Max. Avg. Min Max Avg.
(4.4) Plkj | .auo!,\,qu 7! 7 Edges Degree | Degree | Degree | Distance| Distance| Distance
) 1535 2 30 10.23 48 5988 2587
0 otherwise

. . . To find the trends of length 10 with our method, we
Where . is the relative importance of pheromone trail andineq the best results by putting two ants in each node and
allowed is the set of nodes that are connected with gRe yalyes of, , and!being respectively equal to 1, 0.2,
edge to node iPand have also passed the direction filte4 and 0.5. These values were used for the all of the
The direction of the trend of ant k is the direotiof its experiments. We considered a path with its configg(f)
second node with respect to its first node. Theerfilve over 75% as a valid trend. Figure 4 shows the nurobe
have used here accepts new directions to be the aarthe trends that the two algorithms found when a cemaimber
trend direction or rotated one step either clockwis of paths in the neighborhood graph have been exahiiy
counterclockwise. As an example if the directiontioé the algorithms.
trend is South-East then the nodes with directiontls
East, South or East will be @llowed .

70

The addition of a node is done by all of the coleny | | =
ants independently and in parallel. This procegeats |2 —e—Using ACO
until there is no node in the set of allowed noftesant k |2 501
or the number of nodes in the trend reachds¢ndLength =
which is an input integer parameter of the algamith % ol

[
4.4 Updating the Pheromone Trail.For updating the g 20 1
pheromone trail, we chose the quality of the trefkis Z 5l
quality is evaluated by thé value of the linear regression. .

This value is a fraction between 0.0 and 1.0, aasl o
units. The better you can predict Y from X, the eeds
this value to 1.0. If we call an iteration of tHgaithm: the
possible addition of nodes by m ants, then in every Figure 4: Comparison between the two algorithms
TrendLengthiterations of the algorithm (called a cycle)
each ant completes its candidate trend. At thie tine trail
intensity is updated by the following formulas:

600 4800 9000 13200 17400 21600 25800 30000

Number of paths examined

As can be seen the algorithm proposed by ester does
not use any dynamic guiding heuristic and its pentmce
will not improve as examined paths increase. Howewer

(4.5) we ) uiwe) W proposed method will improve its trend discoverypoas
" the colony aggregates its population’s experienamegl
(4.6) w1 ik!/V form the previous cycles and soon outperforms tiero
SEEPUN algorithm drastically.
wconfidenct if ant k uses edge(i,j) in its trend
@7 W {Q ¢ B gedi) "
d .
0 otherwise
'g 25 4
Where ! is a coefficient such that (1-is theevaporation |3 N
of trail between cycle t and t+1. Thenfidence(k)s the 8 e ¥ W
value of £ for the regression line of the nodes presentén th| € 4 | [ !
trend detected by ant k and Q is a constant. S [
2 104
€
5. Experimental Results 2 5|
In this section we provide the experimental restdtstudy
[ e

the properties of our algorithm and to compareithvhe
algorithm proposed in[6].

In Table 1 (b) the properties of the neighborhoo
graph are given and in (a) some statistics forvtidaes we Figure 5: Improvement in Trend Discovery of Trend-
were searching their spatial trends (i.e. the nurolbdong Length=15
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Figure 5 shows how the algorithm improves itReferences

discovery power in search for trends of length The
regression line of the graph confirms a smoothease of
the number of trends discovered in each cycle.
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Figure 6: Evolution of average trend confidence

There is also an evolution observed in the average]
confidence of paths examined in every cycle shown i
figure 6. This also confirms the improvement of the
discovery process in such a way that the confidenabtges
of candidate paths increase, although they are not
considered as valid trends. [7]

6. Conclusion

In this paper we proposed a new application ofcatdny
optimization for the task of trend detection in tigdadata
mining. This algorithm applies the emergent ingdfit
behavior of ant colonies to handle the huge seapate
encountered in the discovery of this invaluablevidecdlge.
We proposed two heuristics for edge selection kg &m
spatial trend discovery shown to be much more tffec
than the previous ones proposed in the literat@er
algorithm is also independent from the user in & that it
does not need a start node and applies no threghotck
discovery process. The experiments run on a raatibg
spatial database clearly showed that the proposttiouh
outperforms the current approaches in performanm: a
discovery power. In our future research we willtier
improve the heuristics used and investigate theofiseme
modified versions of ACO likeMMAS in spatial trend
detection. Currently a limitation of our algorithisithat it
searches for trends of a certain length. We platat&le
this problem by integrating the search procesdréands of
different length.

(8]

9]
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