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ABSTRACT

The analysis and representation of temporal databacoming increasingly important in many areas of
research and application. The existing Fuzzy CogniMaps (FCMs) are efficient modeling method for
knowledge representation and fuzzy reasoning ie Series analysis. In the past, it was used tesept a
complex causal system as a collection of conceptscausal relationships among concepts. Howevest mo
of the FCMs available now are constructed manuatly are constrained with human experts’ interventio
for assessing its reliabilityThis study proposes a new temporal mining systendisgover temporal
dependencies between the concepts of a complexlcsystem by building a Fuzzy Temporal Cognitive
Map (FTCM) by extending the FCM. For this purposefour-layer fuzzy temporal neural network is
proposed and implemented by the automatic creafidhe conventional FTCMs from the given datais
FTCM is generated from the medical temporal datbrasords of diabetic patients where the medical
diagnosis is performed by converting the fuzzy atiye maps into a fuzzy temporal rule based infegen
system using Allen’s temporal relationships andzfuzemporal rules.

Keywords: Fuzzy Temporal Cognitive Maps (FTCMs), Data Minifigme Series Analysis, Fuzzy Neural
Network, Temporal Relationships, Fuzzy TemporaleRulnferencing System

1. INTRODUCTION perform inference. Fuzzy Cognitive Map (FCM) hagsal
o _ properties such as flexibility, abstraction, (Sigliand
Temporal data mining is the process of extracting Groumpos, 2004) differentiability as well as fuzzy

temporal patterns from large collection of dataapplies  reasoning and is capable of mapping the symbolic
methods such as clustering, neural networks, @enetixnowledge to numerical knowledge.

algorithms, decision trees, to mine data with iterition of o
uncovering hidden temporal patterns. Time seri¢s idaa  1.1. Fuzzy Cognitive Map

sequence of data measured successively at uniforen t o
intervals. The prediction of future values in adirseries Fuzzy cognitive maps proposed by Kosko (1986),

- ; : re signed fuzzy digraphs for representing causal
system is based upon past/ present information an > T ;
therefore it is very useful in medical applicatiofi$me @leasonlng. Fuzzy logic is capable of performing

series analysis is more applicable in temporalcairdatabases e asoning under uncertainty Which Is not ppss_ibilxhw
to predict a patient's health and to plan medioaldpy. first order logic. Fuzziness describes ambiguityaof

. : ) event, whereas randomness describes uncertainty of
Medical data is temporal in nature and therefore yocrence of an event. Fuzzy sets use linguistic
conventional data mining techniques are not swtabl \ariaples to represent imprecise concepts rathan th
make effective decisions in medical applications. guantitative variables. The modelling of complex
Moreover, the medical knowledge can be representedsystems requires new methods that can utilize the
using different methods such as medical ontology,existing knowledge and human experience. A fuzzy
cognitive maps. However medical ontologies faiiap the  neural network or a neuro fuzzy system is a leaynin
symbolic knowledge with numerical knowledge in ortte = machine that finds the parameters of a fuzzy system
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(i,e., fuzzy sets, fuzzy rules) by exploiting to learn FCMs using this approach was proposed by
approximation techniques from neural networks. Dickerson and Kosko (1994) and was referred to as
Fuzzy Cognitive Maps (FCMs) constitute a novel, yet Differential Hebbian Learning (DHL). This method sva

attractive approach that encompasses advantageouddrther extended into Nonlinear Hebbian Learningd(\
modeling features. FCMs are the extension to thege  (Innocent and John, 2004). Wojciegttal. (2008) proposed
model of cognitive maps (Kosko, 1986). MoreoverMFC & new approach named data-driven NHL (Nonlinear
can be used to describe the behavior of a colleaip ~ Hebbian Leamning) that extends NHL by using hisari
concepts. FCM introduced fuzzy values for quamtigyi 92t of the input concepts. The improved qualiteanning
the concepts of a complex system in which the degfe process depends on the historical data. Enhancemtg

. learning process is suggested in (Sahgl., 2010) by
uncertainty can be addressed. incorporating the inference mechanism of FCM with

i et automatic identification of membership functionsdan
1.2.Objective guantification of causalities. (Miag al., 2002; Leong and
The main objective of this work is to propose a Miao, 2005) proposed fuzzy cognitive agents whieplaly
dynamic neuro fuzzy inference system that buildsoalel the fuzzy cognitive maps as decision making endiased
named, Fuzzy Temporal Cognitive Map (FTCM) based onon user preferences and domain knowledge. Howeheer,
four layer fuzzy neural network (Soegal., 2010), with an ~ decisions made using fuzzy cognitive maps are not
identification of membership function in a presfieditime ~ sufficient to make final decisions in many complex
interval and computation of relationship among the applications including medical data sets wheredti@sion
concepts within that interval. Further, the causi  must be made based on past and present data ih thbic
among the concepts are represented as a temporgpPnstruction applied must be able to predict theiréu
relationship pattern with an integration of Allen’s Therefore, it is necessary to include the temporal
interval algebra (Allen, 1983). The FTCM is thereds Phenomena in decision making. The goal is to baild
for fuzzy temporal reasoning by converting it igtoule reliable knowledge representation model for infeism

based f inf tem. and prediction using medical databases, compatilite
ased lizzy injerence system FCM knowledge representation. This study propokes t
1.3. Related Work novel Fuzzy Temporal Cognitive Map (FTCM), which

. . defines a complete discrete temporal extensionfardly

The Fuzzy Cognitive Map (FCM) concept introduced inference mechanism of FCM. In FTCM, the temporal
by Kosko (1986) has evolved from the concept calleddependencies of concepts during a particular itesval
Cognitive Map (CM) (Axelord, 1976). fuzzy cognitive is measured. It presents a hybrid modeling of types of
maps are used in a much wider range of applicatineh  causality: equality causality and difference catysal
as decision making (Papageorgieual., 2003), system
control (Kottas and Boutalis, 2006), medicine (lcet and ~ 1.4. Problem Statement
John, 2004). Wide range of applications of FCMsfauad

in Decision Support Systems. Several works has beerq,ahlj's; Ln:d {Itg;{tlé...:tniblcenza.r?.gnrc}igée?hge;e?fot;n;%nsceerlgg[s

proposed recently for the extension of FCMs. FCM ca |apels. The strength of activation of each conagjime
model dynamical complex systems that change witle ti ¢ s the value associated with the medical obsienvatf
following nonlinear laws. There are many works et 5 disease or a symptom. The temporal relationship
literature  that deal with FCM. For example, among the concept activation values are used tEssss
(Papageorgiolet al., 2003) proposed an integrated two the disease symptom of a patient. The activatidnega
level hierarchical system based FCM for decisiokingain ~ and the causal relationships of those activatidnegof
radiation therapy. Stylios and Groumpos (2004) iellls  concepts at timg ¢an be used for predicting the state of
to model complex systems. A mathematical descriphb  a particular concept at timgst As far as the FTCM
FCM was presented by them and they examined a newause-effect relationships or the network links are
methodology based on fuzzy logic techniques for concerned, high (absolute) values of causality isign
developing the FCM. In their approach, expertsrilesthe  strong cause-effect relationships between the pigce
relationship between concepts and determined theence  Using this training, rules are generated and stored
from one concept to another. (Kotisal., 2004) proposed knowledge base. The connectivity of the FTCM can be
an efficient cause-effect method for reaching éeiim  represented by an adjacency weight matrix W asngive
points, by getting the “dominant” influences betweedes.  below. Since no cause can cause itself, g# @, where:

The equilibrium states obtained by this approeeftect

more realistically the behavior of the system Ialytare 0 Wi Win
not as “secure” as the traditional approach. w=|Wa 0 Wy,
One of the paradigms used to automate development Wop Wi e 0

of FCMs started from the Hebbian law. The firseatpt
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Fig. 1. System architecture

Genarally the FCMs are created manually and thecontrolling blood glucose level by proper insulin

reliability of it depends upon the experts’ knovgedHence
to overcome this problem, we construct a four legduzzy
neural network as defined in (Som al., 2010) with
automatic identification of membership function.

1.5. System Architecture

The basic organization of tthe proposed neuroyfuzz
inference system is shown kig. 1. The diabetic patients’
records are taken from the medical database. D&ta p
processing is performed to correct the missingioorrect
data and also for attribute reduction. A generdligg CM
is constructed by automatically selecting the mesiiye
function and quantification of the cause-effecatiehship.
Deciding the cause-effect function to specify
relationships between causal effects in a temjlomalain is
the key factor of this system. Supervised learnisg
performed in FTCM to infer useful patterns by geeating
Allen’s temporal relations. The remaining part diist
section, describes each operation in detail.

the

2.MATERIALSAND METHODS

2.1. Medical Database
2.1.1. Input Datasets

Input to the system is referred from a diabetideet
data set (http://archive.ics.uci.edu/ ml/
diabetes)The data folder contains 70 text files. Each file
represents one individual patient history. A knadge
base is built using frames as knowledge representat

scheme, to develop a therapy for monitoring ande
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dosage. Since the observations are varying witke tim
it should be represented by date, time, conceptllab
and value. The dataset consists of insulin deficien
high blood glucose details obtained through
continuous assessment. To plan the theraphy of
insulin, the concentration of blood glucose sholéd
continuously monitored.

2.2. Data Pre-Processing

Data Preprocessing is carried out with the recofds
temporal clinical databases for efficient modellifg
preprocessing, records having null values are edited.
When the size of the data set is very large, dassified
using C4.5 classifier and only the relevant datands are
obtained. Each dimension of the dataset is defividd a
concept label. Due to many reasons the blood g&ucos
level of patients may increase or decrease which ma
result with greater variations. Hence the temporal
information such as before and after food in eveng is
measured in a day. This observations are madepséh
specified time for food to the patients. In preqassing
thousands of records from the medical dataset are
integrated into one relational database table thedecords
fail to match with the format, can be deleted fitherecord
set. If any values of the data type or conceps falit of the
range of the average value, those records weralalsted.
Records of incorrect and missing data can alselmted.

2.3. Construction of FTCM

To Design FTCM, following are the major concern

datasets/

Input to the map
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« Involved concepts from the domain Step 3: Layer 3 is composed of calculating causalities

« Causal effect relationships between concepts among the concepts in FTCM and performing the
. ] o defuzzification process.
A discrete temporalized domain is used for for

defining the FTCM. Creation of FTCM is achieved by The nodes in this layer represent linguistic valaé
constructing Fuzzy Neural Network with fuzzy temgdor output variables. A hybrid causalities such as the
decisions. Basically, FCMs are constructed manuallycombination of equality causality and differenc sality
based upon the domain experts’ knowledge. The gezpo is measured In FTCM, since both input and output
approach makes use of a four layered fuzzy neuralariable represent the same concept, the samefset o
network for the generation of FTCM based on the linguistic values are used for the output variablEse
structure given in (Songt al., 2010). A hybrid type linguistic terms which represent the output vaeagy)
causality, i.e., a combination of equality caugabind  are also described by symmetric Gaussian membership
difference causality is defined to present FTCM. function. Layer 3 nodes are connected to layer @8go

The 4 layers are implemented using the followiegst with the help of fuzzy weights, which are calcuthte

. . _ using mutual subsethood, ie., €1{x;, Vi), Mutual
Step 1:Layer 1 represents identified concepts (input gypsethood (Songt al., 2010) measures the similarity
variables) of the investigated system. _ between the input and output variables, which dessr

Concepts are of_observanonal and |nt_erver_1t|0nal.the causal-effect relationship from the input liistic
There are 3 observational concepts of type insitise  term to the output linguistic term. Also, it enssiteat no
with code 33, 34, 35 and 17 interventional concepth  concept will cause itself. The process of defugaiion

as blood glucose measurement with code 48, 57-73 ing a5 implemented in this layer, based on theepnof
data folder. Time is divided into 4 logical timesIFor centroid based approach.

instance, concept 33 is interpreted as four coscépgt,

331, 332, 333 and 334, in which the added thirdt @  Step 4: Layer4 represents the non fuzzy output concept.
the label corresponds to the number of the assumed  The fourth layer consists of the non fuzzy output
period of the day. Each concept is then represeasedl  variables. It is calculated by integrating the griseight
node in this layer and each node can directly skat  from the output linguistic term to the output vala
input values to the second layer. The relationship between concepts are learned with
respect to the selection of the membership function
during stage by stage development. The selectioa of
membership function and proper construction of FTCM
. ] X is a crucial problem since it converts various
large(L) using a membership function and temporal yeasrements to a common reasoning paradigm. Breref
constraints. Find the maximum and minimum value for iis FTCM has been constructed with a set of cdaceith
each concept in a file, set 3 ranges for small,iomd  {ime interval, set of membership functions, setcaise-

i /b . . . .
and large. The output of second layer ie=™", where, a  effect temporal relationship and a weight matrix.
= (original value of the concept in input file-meaf

values of the concept) and b = (range of max onmin 2.4. Inferencing and Prediction
Each linguistic term (¥ represents a fuzzy subset in the
universe of the layer 1 input variables. The fuzst
with linguistic variables have been related withpuh
variables and are modelled using a symmetric Ganissi
membership function with center (C) and spread(
which are again checked by a set of temporal caims:

The application of symmetric Gaussian-membership.  Sort a dataset according to Patient identifiers PID
function ensures differentiability, which is a nssary and timestamps of transactions

property for the back propagation algorithm emptby® . gased on Patient identifiers, calculate frequegh si
the learning process. _ _ _ _ types

usin'g\]/lofe\eoggphtirgzgl r':gggi;snrgi Of#ntigonsr:cs)wdecﬁlctﬁ]de. Delete non—frequen_t sign types from transaction.s.
magnitude of participation of each input. It asates a *  Calculate a set of sign sequences per each Phifent

Step 2: Layer 2 represents fuzzification of input variables
For each input concept identified in layerl, repre
it using 3 linguistic terms, i.e. .,small(S) mediiv) and

The dynamically generated FTCM is analyzed using
Allen’s temporal relations to infer useful pattelinsthe
medical diabetic data set. First phase of algorithat
refers to generalization of temporal events inte ewent
with a temporal interval has the following steps:

weight with each of the inputs that are processesbt only frequent sign types

on weight matrix formed from the weights. This stud ¢ Generalize each sign sequence into a generalized
considers a functional overlap between inputs deoto sign with a time interval and get a database of
determine a suitable output response. generalized signs GD
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Second phase is discovering temporal relatioral ru
from the database of generalized signs by the atig
steps:

« All candidate temporal interval relations per each
patient’s ID are found

« A set of frequent temporal interval relations is
extracted

The algorithm for prediction using FTCM is detailed
as below:

1. Construct Generalized FTCM

2. Retrieve Generalized Pattern List GB{X, ...X.}
with a general set of frequent temporal interval
relation

3. Repeat

Generate FTCM for each patient record
for each concept do
find activation value Awf all pairs of concepts {,a )
attimet
calculate future activation value favi at timeiti
fAVi(t) = TE ij Wij Avi(t)), where T = 1/(1+éc><)
if fAv,(ti.1) # fAv,(t) then adjust the weight form the
pattern list PL{ } with the candidate patterns CP
/l set THand TH, for ay and w, 1<i <n and
OxOj and
if ATHSAV;<ATH, ) && (WTH, <wij
<WTH,),
add(c)- P{} where c = {1, t, Avi}
end for
Until no patient record exist
4. While (PL{}# d)
Compare the candidate pattern with general pattern
For each y in CP and for each x in GPL
if equals(x.y\ (overlap(x,y) V contains(x,y)) then
Generate Rule:
Retrive the activation value f8rdoncept Ayt )
Severity of concept i to concept j withpest to W
End While.

A Generalized FTCM is constructed from the
preprocessed input dataset. By considering fretjuent
occurring cause-effect sign sequences into a giredta
pattern list with a time interval, a generalizexdtern list
is retrieved from that FTCM. For the new testiagnple
record, FTCM is constructed and for each concepufCi
FTCM, the activation value AVi is obtained betwesh
pairs of concepts (Ci,Cj) at a particular timestatap
During the next period, the effect of Ci on Cj is

threshold TH. If the difference between these two
observations is greater than zero, then causdimeship

of concept €to G is observed. This observation can be
done iteratively by adjusting the weights in FTCNlhe
cause-effect values represent the candidate pstiteism
ordered set of time intervals. The temporal refetfop
among the concepts constitutes the symptoms of a
disease pattern. If the patterns observed diffeth@ir
usual values then biological disorder will be thsult. In
prediction the candidate patterns found are congpare
with a general pattern list. By using temporakingl
relational algebra, the severity of the diseag@aslicted.

3.RESULTSAND DISCUSSION

To facilitate analysis of experiments results, the
experiments have been generated using differenbaum
of linguistic labels. The sample diabetic patiemtards
are taken from the benchmark (http://archive.idseda/
ml/datasets/diabetes) medical database. The tgainin
datasets are pre-processed and stored in the férm o
relational database records. During the constroctib
FTCM, the selection of the temporal membership
function is done automatically based upon the \salfe
the concepts. Symmetric Gaussian membership functio
with temporal constraints is used. Also, the wesght
associated with the concepts are generated auttaiati
which reduces human intervention very much. Layer 1
considered to be a set if input values which aeatified
concepts of the investigated system. Time is diviaéo
4 logical time slots where 24 hrs is divided intoh6
duration to get 4 intervals. Each time slot has steat
and end time period. The end of the first sloths t
beginning of the second time slot. A one to one pivap
of the observations of the system to concept labls
be performed. Each concept is defined with a cancep
label of three digit where the third digit is thember of
the slot of the day. For e.g., if the input filetalds: 03-
03-2012 08:00 58, then concept is 581, where hes t
first slot of time. Layer 2 represents fuzzificatiof input
variables. The membership function is a graphical
representation of the magnitude of participatioreath
input. It associates a weight with each of the taghat
are processed, define functional overlap betwepntin
and ultimately determines an output response. Tlesr
use the input membership values as weighting fadtor
determine their influence on the fuzzy output sétthe
final output conclusion. Once the functions aresiiréd,

measured as the product of weighted sum of thescaled and combined, they are defuzzified intoispcr

activation values of cause-effect on © G and the
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output which drives the system.

JCS



R. Sethukkarasi and A. Kannan / Journal of Computam8e 8 (11) (2012) 1924-1931

FTCM Vs domain expert

100 - _ -
—+— Domain expert e

= FTCM

50
40
30 =
20 -
10 4

Accuracy of membership [unction values

0 T T T T T T T T T 1

200 400 600 800 1000 1200 1400 1600 1800
Number of patient records

100 FTCM Vs BPN nerwork

—*—FTCM
& BPMnetwork

80
60 4

40 4

Prediction accuracy (%)

20 4

T T T

300 400 500 600 700 800 900
Number of patient records

T

100 200 1000

Fig. 2. Correlation analysis of the values produced by fuzzy Fig. 5. Comparison of prediction accuracy of FTCM with
temporal cognitive maps with domain expert BPN neural network
25 - FCM Vs FICM 1007 FTCMVs F-RBC
] = FCM
£ 20{ mFTCM ~ 50
g s 3
= 1 2 60
z 5 DFTCM
2104 2 L
: 2 10 BF-RBC
: ] Z
204
0 ; :
Relation 1 Relation 2 Relation 3 Relation4 0+

Relationship between medical concepts

Fig. 3. Comparisons between FCM and FTCM in retrieving
cause-effect relationship

100 -
90 4
80
70 4
60 4
50 -
40 A
30 4
20
10 4

V] T T T T T T T 1

100 200 300 400 500 600 700 800
Number of data records

Prediction accuracy

—e—FCM
s_FTCM =

Prediction aceuracy (percentage)

1 2 3 4 5 6
Data sets

-3
(=]
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Layer3 represents defuzzification and weight caldoh.

In this study, the initial weight matrix yV represents
impact of concept i to concept j wherg,iso the main
diagonal of the matrix is 0. The weights should be
between -1 and +1. The weight should be adjustsdda
on the concept values, time intervals and the teaipo
relationships between the concepts. Layer4 reptesen
the output concept. The result is an FTCM, which lsa
visualised by the prefuse tool. The knowledge
representation through FTCM is used well as theaiom
expert in predicting the severity of the diabetigedse to
make decisions. The graph Fkig. 2 shows that the
correlation between the values produced throughNETC
with domain expert. Fronfkig. 2 it has been observed
that the prediction accuracy made by our inference

Fig. 4. Comparisons between existing and proposed system inSystem provides more accurate results when the eumb

prediction accuracy
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of patient records exceeds more than 500.
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A generalized FTCM is constructed with the diabetic made on the blood glucose levieigure 6 shows that the
dataset considered from (http:// archive.ics.uciled number of rules inferred through FTCM are efficignt
ml/datasets/diabetes). The results of the learpiogess  used for a decision making system in order to parfo
that are as close as possible to the expectedt nggthl ~ diagnosis and prediction.
the settings that, the concepts of an investigayestiem

are the observations made periodically and the time 4, CONCLUSION

interval is 4 slots per day. The state of the caaffert

relation of a concept is obtained for each time atal if In this study, a knowledge representation technique
the value is not measured at one time period theray called fuzzy temporal cognitive map and a fuzzy
be referred from the previous value. temporal inference system for mining temporal maidic

Previously, the experiment is being done using datasets has been proposed. Using this FTCM,
different delays and decays in concepts and thexe a quantification of causalities and identification eduse-
drastic changes in the temporal values of weightseffect relationships have been automatically pemémt
observed. But in the proposed approach, due taiske  which reduces the number of iterations to arrive th
of a fuzzy temporal neural network the weights lestww ~ accurate result. In this manner, FTCM models of the
the concepts remain constant and it is close to thdnvestigated systems have been automatically
expected values. We have arrived at the same seisult constructed from the data and thereby reduces the
less number of iterations as showrFig. 3. excessive dependence on expert knowledge. Also the
Inferencing and forecasting for the incoming patie proposed approach provides better prediction acgura
record is performed based on Allen’s interval atgeb than FCM models, where the number of patient rexord
and rules. The frequently occurring patterns or theexceeds more than five hundred. The selection of
generalized pattern lists are obtained with temlpora membership function for the process of fuzzificatio
intervals. The dynamically generated FTCM is anadlys FTCM yields a better relation than the domain etxper
using Allen’s algorithm to infer useful patterns the The proposed work can be extended by using other
diabetic patient record. Similarity of the genepattern  approaches like genetic algorithms to assign the
with the candidate pattern is observed. If thereais membership functions and feature selection. Thislyst
similarity based upon the temporal relations thea t can be extended by building a fuzzy rule basedsiflas
activation value of the concept is observed for thefor enhancing the prediction accuracy.
biological disorder such as blood glucose level and
insulin level. The weights learned predicts theesity of
the disease with that of the impact of concept i on 5. REFERENCES
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