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Abstract Identification of the failure mode and even predigtthe

type of failure in future can give extensive ecofmm
The maintenance dataset provided by SunWater emntabenefit to SunWater. However, all the failure modee
information about failed assets also known asurrently decided manually from the dataset. Tange
components and their corresponding failure modesie manual decision process, automatic decision
Currently, extraction of this information from tliataset processes are proposed through the use of texngnini
been conducted in a manual manner, which is veggchnology. The optimal results for the analysfs o
tedious, time consuming and cumbersome work. It failure mode should be as follows. The failure mod
necessary to discover an automatic method #uld be drilled down into sub failure modes. tlfig
decide/extract the failure mode. This paper prissitmee pump failure, which type of pump failure should the
methods that were attempted in an effort to sohie t record belong to? Table 1 shows the details optirap
problem. The performance of each method is andlyse failure mode.
detail and suggestions for how the outcomes can be

improved are also proposed Failure Sub Failure Mode
Mode

Keywords Text Mining, Clustering, Semantic Network,
Association Rule Mining, pump failure mode. Pump Pump

Pump bearing

1 Introduction

Pump Seal
With the civilization of human society, text hashehe -
most common way to store all types of information, Valve Suction
communication,_idgag, stories and knowled_ge. H_wvev Discharge
because of the limitation of a person’s readingdpé is
impossible to grasp the key information in a stiorte Motor Motor

when there is a large amount of text involved. tTex
mining is one approach to deal with large amourits o
unstructured data. It facilitates extraction oéfus and Motor Slipring
important concepts from the text data and categsrilae
information contained within.

Motor Bearing

Motor winding

This paper presents a case study detailing thefutext Cooling Cooling Water System

mining methods for extracting useful informatiorrfr water Cooling Water Pump

the maintenance dataset that is collected by SumWat - -
SunWater is a leading company providing water system Cooling water pump bearing
infrastructure and supply solutions and s_ervices to Cooling water motor
customers throughout Queensland, Australia and the . .
world. http://www.sunwater.com.au/about_overview.htm Cooling water maotor bearing
SunWater has a data set that records the maintenanc Cooling water heat
activities. This dataset implicitly contains infoation ] ]

about failed assets also known as components aid th Table 1: A list of Failure Modes

corresponding failure modes. Information about th
various failure modes, which include pump failurelve
failure, motor failure and cooling system failuoan be
derived from this SunWater maintenance data s

Eearning on the given data set falls into the catef
unsupervised learning, as instances in the givea skt
%]ave no labelling of failure modes. Due to theklaé
abelled data with failure modes, this project uses
unsupervised learning approaches such as clustering

) . _ _ association rule mining and semantic networks toeso
Copyright © 2007, Australian Computer Society, In@his e problem faced.
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Data Mining (AIDM 2007), Gold Coast, Australia. The task here is to identify the key terms thalectfthe
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that can further be utilised in analysis or seelédiate clustering, and concept/entity extraction, prodarctiof
attention. In this paper, we utilise various ahustg and granular taxonomies, sentiment analysis, document
semantic network based methods to come up with summarization and entity relation modelling.

group of terms that indicate a particular failureda.
We also utilise association rule mining to listeulthat
would indicate that the records, having terms aséh
association rules, are maintenance record as ¥ &su
failure, not as a result of routine inspection.

The SunWater case study is a typical text mining
problem. Some of the fields are structured, sush a
Functional Location, Priority, System Status, Méiork
Centre, Reported By and Notification Date. But
unfortunately, this data is mostly an identifiedaa not
The data set can be divided into three groups dompto useful in deciding the pump failure mode. At tlzene
the maintenance records belonging to each of theepo time, there exist unstructured fields such as Short
stations namely Awoonga, Bocoolima and Woodersomescription, Equipment Description, Damage Text,
Table 2 summarises the number of unique terms withoCause Text and Long Text. The unstructured datebea
and with stemming and with and without stop wordnore helpful in determining the pump failure mode.
removal in the dataset. Naturally, the use of stmow “Short Description” and “Long Text” are the destioms
removal and stemming techniques reduced the nuofberfor the pump failure events. “Damage Text” and U€a
terms to be processed, but even when utilising sudfext” may also be helpful for detecting the type of
methods, the number of terms still exceeded 16@@&fo failure. But identification of the failure mode et the
typical pump station. This shows that these ditame traditional text categorization problem. No tragidata
highly dimensional and there exists a need ofgitilj (instances labelled as failure modes) is provided o
text mining methods to identify terms indicative ofavailable. Therefore, it is impossible to decidkich
failure mode. With such dimensionality it can becategory the record should belong to. Clustering
difficult to find similarities or associations beten data techniques, on the other hand, do not need angaitéata

entries, as there are so many different terms. set. Semantic Network as well as Association Rule
Station Stopword — Toml No. Mining are unsuperwseq Iearn.mg techmq_ues_. . These
Removal Stemming of terms three methods are potenyally suitable for thig taking
task. Below are details of these methods and the
Awoonga | True True 2180 software that we used in analysing the SunWater
True False 2494 maintenance data.
False True 2613 .
2.1 Clustering
False False 2927
Bocoolima | True True 1814 Two types of clustering methods and tools are used
True False 2052 na}mely, Ward’s .ag_glqmere.\tive method with SAS Text
| Miner and the Similarity Histogram Clustering meatho
False True 2128 The major difference between these two methodkas t
False False 2363 Ward’s method is a hierarchical approach that predwa
Wooderson| True True 1607 dend_rogram of the datasgt and_ thus the outputlwmg@
at different levels of similarity. An agglomeragiv
True False 1820 approach starts with each document being in its on
False True 1892 cluster (the leaves of the dendrogram) and theatepéy
False False 2102 merges them togeth_er untll_a stop condition is niietan
be argued that a hierarchical approach producetedes

Table 2: Number of unique terms in the datasets clusters (due to the structure of the dendrogratrabthe
same time does not actually produce any clustars, b
will introduce the text mining methods that are dige rath?r a treg-based represeptation of the data.hg T
solving the problem. In the third section, results o§'m!"?‘”ty Histogram Cluste.rllng method (SHC) is a
various methods will be presented and discusseteur partitional ‘approach.  Partitional approaches dd no
Finally, the potential improvements for the resbangll prodgce a dendrpgram, but rath(_er cut the dataset in
be suggested in conclusion. partitions at a sm_gle Ie\_/el. This makes them more
desirable than hierarchical approaches when large
- datasets are involved. The biggest downside to
2 Text Mining Methods partitional approaches is that they usgu%IIy reqiiesuser
Text Mining is discovery of new, previously unknownto specify the number of clusters desired, which be
information, by automatically extracting it fromfigirent ~ difficult to know in advanced. The SHC approach
written (text) resources. The key element is figkiof ~however does not require the user to specify thmabmeu
the extracted information together to form new dact  Of clusters desired and thus avoids this problem.
new hypotheses to be explored further by more
conventional means of experimentation (Hearst, p0032.1.1 SAS Text Miner
Text mining includes the steps of processing thautin
text, deriving patterns within the newly processkda
and finally the evaluation and interpretation of thutput.
Major study areas includes text categorization,t te

The structure of paper is as follows. The secauien

The SAS Text Miner software is used for text analys
(SAS Institute, 2003). The process of SAS Text éin
)i(ncludes converting unstructured text into struetudata,



clustering the documents/data entries and viewhng t histogram clustering using Intra centroid vectonikirity
concept links. Conversion from unstructured text t(Shaw, 20086).

structured data allows to convert unstructured tetd

structured numeric statistical summaries of thenelgts 2.1.2.1 Original Histogram Clustering

of a document and to convert unstructured text int? .
L he contents of the bins should be skewed towdrds t
frequency distributions of words. Stop words such a . . ) . .
q y P ah|gh similarity values in order to achieve highly a

“and”, “the”, “is” are removed. Some other words, :
which appear frequently but don’t contain much niegin co_he_rent cluster. _When_a r_ecord_ IS to _be ad(_jednto
or are not related to the results in the contesd, aso existing cluster, its _pair-wise similarities  withhet
removed. Some examples of these words ﬁeocuments already in the_ cluster_are added_ to the
“Bocoolima”, “Awoonga” (the pump station name), Istogram. The change.ln the histogram will then
“ARMS”, "AWC”, “ACP” (short name for the pump). determine if the document is to be added to thadtet or

not. If the record causes the histogram degraalentach
The singular value decomposition (SVD) is used imr drop below a pre-specified threshold then the
reducing the dimensions of the input data set. $&/B document cannot be added.
powerful technique for automatically relating sianil
terms and documents, eliminating the exhaustivel hee
manually generate industry specific ontologies
synonym lists (SAS Institute, 2007). The wholeadat

The algorithm for the implementation of the oridina
O§HC algorithm is as follows:

; . 1:L  Empty List {Cluster List
includes a total of 843 records. Each record dosta : Pl { }
. : - 2: for each document D do
information about the stations name, long text sinalrt .
. . . ) 3 for each cluster C in L do

text which describes the action taken after faillach : -

; 4: HR,q = HR:
record has the terms ranging from 1 to 50. If SiD : : .

: . 5: Simulate adding D to C
used, the complexity can be reduced. The functitinp 6 HR o = HRe
term can reduce the dimensionality by taking the oo
y by g 7 if (HRwew HRyg) OR ((HRyew

highest weighted terms. > HRmni) AND (HRoq  HR new

Clustering is performed according to the contenthaf < )) then
text data. During the clustering process, severa| 8: AddDto C
clustering algorithms are used. Spatial clustering 9: end if
techniques are served to maximize expectationSAS 10: end for
Text Miner, the documents are grouped into hieiaeth 11: if D was not added to any cluster then
clusters. There exist parent and child relatigpshi | 12: Create a new cluster C
among documents. Ward's agglomerative method 13: ADDDto C
(Ward, 1963) makes the hierarchical clusters péssib 14: ADDCtoL
15: end if
2.1.2 Similarity Histogram Clustering 16: end for
The idea to use histogram clustering is to provaléhe Figure 1: Original Histogram Clustering

expert an automated way to trace/determine theréil
mode. If the ratio of the similarity of records hggh

enough, record are deemed to belong to the samteciu
The similarity is based on a pair-wise similaritgose ; L , X
between documents/data entries (Hammouda & Karn&ﬂe.r. histogram ratio is calculated by simulatirige t
2003). The concept for the similarity histogram‘mqm.On of the docu_ment to the <_:Iuster. Then _""f"?”
clustering is as following. The histogram is corse of ratio is compared with the old ratio. If the neatio is

! . : less than the old ratio, but the degradation is &n
a number of predefined bins. Each bin correspoads ' ' g '
similarity value interval. Each bin has the cooftthe predefined value and the new ratio is above a fireste

number of pair-wise similarities for that clustéat fall minium value/threshold, then the document can liedd

within the associated interval. To make the sirtifa If the new vratio doesnt meet the minimum

histogram work, high cohesiveness needs to be whie value/threshold or the degradation is too much then
through building and maintaining a concise statati document cannot be added to that cluster. If tiere

epresentaon of the cluster using the pairaisfSir (0 ICh 3 document can b acded o, oo
similarities of the documents within the clustéi/hen a 9

new record is being added into the dataset, itlss a Cluster.
possible for records already assigned to be rezedign
which a record already in one cluster could be rdaee

The algorithm calculates the histogram ratio bynggshe
records that exists in a cluster before the additd a
new record and after the addition of the new recarte

2.1.2.2 Enhanced Similarity Histogram Clustering

another if both associated clusters would benefimf Using Intra Centroid Vector Similarity

such reassignment (Hammouda & Karnel, 2003; Shaw, (ESHC-IntraCVS)

2006). This paper uses the two versions of siitylar The difference between the original version ofdgsam

histogram clustering: one is original (Hammouda &nd ESHC-IntraCVS lies in taking into account the

Karnel, 2003) and another one is enhanced sinyilaritentroid vector of a cluster in the enhanced
implementation. The centroid vector is a vectoacsp



model (VSM) representation of the centre or averafge 2.2 Semantic Network
the cluster and the documents it contains. Unthe
original Histogram algorithm, which places the doeunt
in the cluster that would receive the best histogratio

Semantic features can be used in check the text
coherence through the notion of “isotopy”. Theimot

change, this algorithm puts the new document ihto t behind this is the recurrence within a given tedtion of
cluster that has the most similar centroid vectothe the same semantic feature through different words

document. The performance of this algorithm shdadd (Dutoit & Poibeau, 2002). The recurrence of these
better than that of the original algorithm by ttedry features throughout a text allows extraction of the

that the cluster with the highest similarity to thetoDiC(s) of interest and some other points that are

document will have the greatest number of similafarginally tackled in the text. It provides aneireisting
documents in it and would be the best cluster anthe WaY 10 glance at the text without a full readingtaind it
document in. The cohesiveness of the clustersbean /SO helps in the interpretation.

maintained and any tendency for a cluster to spredd |eximancer is a software program used in the erpant
over vector space can be limited. As a resukhduld for extracting the main concepts, which are gererat
give more tightly packed clusters, which are morérom seed words, contained within documents/data
distinct from each other with minimal overlap beéme entries. It has been used in several error tagklin
them. In the test conducted by Shaw (2006), treall  experiments. In order to analyse the problem latk of
average F-Measure was improved by 6.3% by usingtuation awareness by mariners, Leximancer is
ESHC-IntraCVS. The detailed algorithm of ESHCintroduced for use. It is reported that the resulf

IntraCVS is as follows. manual coding and Leximancer on 26 reports revealed
- - very close proximity between hit rates (Smith, ait,

1:L  Empty List {Cluster List} 2002). In another article (Smith, 2006), Leximance

2: for each document D do provides decent performance which was validated by

3: for each cluster Cin L do doing stability, reproducibility, correlative, futienal

4: HRyu=HRc test/s. Leximancer is reported in an earlier Ert{§mith,

5 Simulate adding D to C 2003) that it can even tell the optimistic and rizga

6 HRew = HRc tones.

7 if (HRIEW HRoId) OR ((HR1ew > HRmin) .. . . . . o

AND (HRyq HR new< )) then No training data is needed in Leximancer sinces iam
8:Simc = Cosine similarity between D and CV] ~ uUnsupervised ontology discovery. The results mrevi
of C (without updating to include D) analysis of direct or indirect associations of thecepts.

9: store details in List (P) It might help in the decision making process foe th
10: end if domain expert. If the pump failure mode is related
11: end for words or concepts such as electric, flood; then the
12: order List P in decreasing Sim existence of electric and/or flood means pump feilo
13: take the first eny in List P anc certain extent (Smith, 2003).

determine C _ In this experiment, Leximancer is used to grasp the
14: Add D to C (which was the first entry global context and the significance of the concepts
|_-'St P) Avoiding fixation on particular anecdotal evideniz
15: if D was not added to any cluster then another use. The important terms are selecteddbmse
16: Create a new cluster C word frequency and co-occurrence usage in the ahifi
17 ADDD1to C body of text. These terms later are used for dlass
18: ) ADD Cto L Then the classifiers extend the seed word defimstiand
19: end if finally form the concepts. Between the concepitksl
20: end for represent the relationships and relatedness oftany
concepts. In the experiment, “Functional location
Figure 2: ESHC-IntraCVS Description”, “Short Description”, “Damage Code,

Damage Text”, and “Long Text” are the attributes fo
The new and old ratios are decided in the same e1a@® extracting important concepts.  Functional location
the original SHC approach. If the new histogratiores  Description provides the information about the tara
all right, then the similarity between the new do@nt of the failure mode. Short Description and Longt te
and the cluster centroid (or average) is calculatédist ysually contain the most critical information abdhe
stores the similarities in decreasing order foheaaster. fajlure event.
By going through all the clusters and checking/
comparing, the document will go to the cluster,ahhis 5 3 gAS Association Rule Mining
most similar to it. The document then is addedh®
first cluster in candidate list. If no clustersisnilar to the The purpose of association rule mining is to distov
new document, the document is assigned to a netlements that co-occur frequently within a data seis
cluster. largely used for marketing purposes. Buying prodiic

what is the percentage of the customers who liteljuy
product B? Similarly, using term A, how likely the
term B used in the same record? For example etimest
“Recirculation Pump fails” are related to the term



“Bearing fails”. Pump bearing failure is one ofeth displayed, “short Text”, “ID” and “Station” etc are
failure modes. By discovering the term associatiah ignored), the main idea for the records in thistdu can
helps the experts to determine the failure mode hmude derived and is about the replacement of netwaldke.
easier. In this experiment, the researcher hopdmd
out the relations within and get the percentage it
these relations.

However, some of the results do not seem to be so
accurate. One record has long teSligping burnt.
Spare slipping fitted. Sent for repairs and sligpin
SAS Association Rule Mining utilizes the Apriori repaired. In another record, long text includesdlate
algorithm (Agrawal, et. al., 2003) to discover themotors. Remove the covers on the heat exchanger tu
important rules. This means that each record (rov@leaned the tubes with wire brush and flushed out.
should be deemed as one transaction. The texadh e Replace covers and turned motors to sefviceBoth
record should be separated into separate termseimherrecords belong to cluster 7. But the first recdegpicts
each term represents as an item. To implementulkee “slipping burnt” as a problem. The second record
mining, all transaction ID’s and the terms fromfelient describes a “tube” problem. The two problems appza
records will appear in the binary styled tablethdé term be different, however, have been put togetherdtuster
exists in the particular record, then “1” will apen the due to the commonality of the terms being used for
binary table. Therefore, it is necessary to sdpatlze description of the problem. A close observation of
sentence to individual words before importing tiaadto clustering terms also indicates that there are lostars
SAS for association rule mining. The stop wordeogal  about the cooling water system in the text minsuits.

and stemming approaches are used to pre-process the

text. The repeated occurrences of the same ward af Descriptive Term Freq | Coverage

noted as the existence of term in the record. 1 sap, work, overhead, plant, labou 30 4%
2 +valve, +work, as, +order, no 59 7%

3 AnaIySIS and Results 3 station, + provide, between, project,18 2%

see

3.1 SAS Text Miner Results 4 details, arms, centre, work,73 9%

In SAS Text Miner, “Long Text” from three statiois completed

set to “Target”. All other attributes; “Equipment |5 slip rings, carbon, +ring, + brush 23 3%

Description”, *Damage COQG” f’md “Damage Text” are 6 centre, maintenance, type, code80 10%

set as “Input”. The clustering in Text Miner usegD location, other

(singular value decomposition) for dimension redrct : .

and an agglomerative clustering method that facdg | o e replace,  with,  faulty, 106 | 13%

automatic grouping of documents into taxonomies in

hierarchical style. As a result, the whole dataiset |8 | input, Ftransmitter, low; 13 2%

clustered into 13 categories or clusters. Tablist8 the temperature, type

details of the clusters. 9 +motor, dowdoing, +test, mills, hv| 38 5%

The ID is the cluster identification in Table 3. |10 | purpose, fire, +pump, projeqt,62 %

Descriptive Term is the representative terms of the +station

cluster which has been chosen by SAS. Freq is the1l | vibration analysis, analysis, +carry56 %

number of documents in the cluster. Coverage és th vibration, manager

number of documents in a cluster divided by thaltot | 12 | +line, +find, +flag, +fault, +reset 108 13%
number of documents in the collection. For examible

. , S 13 der, K, Ilted, 64 8%
record which “Long Text” containsAdditional Work----- :s(;me&etey ;\r/]v;rmction compe ’
RWR 150 SAP 2021946 Instructions: Recommission

security system (unauthorised removal of key) est Table 3: Text Miner Clustering Results

Materials $5.00est Labour $125.63est Plant $11.16es

Overheads $74.530ther ARMS Details----Ceriielongs  The SAS Text Miner also lists the terms, their frexgcy,

to cluster 1 since it has the descriptive termp seork, and their importance in clustering process. Table
overhead, plant, labour”. Any term that is precedéth shows an example of the statistics of the termer aft
“+" means that it is a stemmed term and can be redge stopword removal and stemming have been applied.
to include all of its original terms. For example “Keep” denotes whether the term will be kept or fust
provide” in cluster 3 means that “provides”, “prd'wig”' the SVD and Clustering. If the term is not kebEr‘t the
“provided” all belong to the cluster 3's descrigtiterms. term is not important. In this experiment, a tat&l65
The two largest clusters are cluster 7 and clugter terms are deemed as not important (Keep = N). &hes

which have 13% of records in each cluster. Thterms do not frequently appear in different records
descriptive terms for cluster 7 are “new”, “rep|’ace Therefore the Welghts of these terms are low amd ar

“with”, “faulty” and “remove”. Cluster 12 includethe deemed not worthy of being kept. The SAS Text Mine
terms “line”, “find”, “flag”, “fault” and “reset”. uses tf-idf (term frequency-inverse document freupye

o ] to evaluate the importance of the terms. Termueegy
Some of the results are quite impressive. For @&m genotes the total number of occurrences a termirhas
when cluster 8 is viewed (as listed in Table 4nfrhe  yocord.  Inverse document frequency denotes the
contents in the “Long Text” field (only “Long Tex{  fractional number of records that includes the giterm



in comparison to all records in the data set. Radmns in text miner could be used for future work. Byngsa
which part of speech such as noun, verb, etc tha te“Memory-Based Reasoning” node, “Data Set Attributes

belongs to. and/or “SAS Code” to get the Precision and Rec@lllR
See also notification 10044145.This project congsrithe chart.
replacement of cables that provide a communication
network between each of the PLCs in the three 3.2 Similarity Histogram Clustering Results
pumpstations.Awoonga Station has,
See also notification 10044145.This project congsritie For this clustering experiment, several parameteesl to
replacement of cables that provide acommunication - . )
network between each of the PLCs in the three be_ .mentlon.ed., a_s they are user pr_owaed. Oneés th
pumpstations.Awoonga Station has, Minimum Slmllarlty Threshold and it dictates whethe
SEE ALSO NOTIFICATION 10050992See also attached the pair-wise similarities between two entries [sas an
notifications. This project comprises the replacenu existing entry in the cluster and a new entry beidded)
g?meesgtétspi:]Oz’r']‘ieﬂ?r‘;%%rﬂr‘%n'Cat'on network betvesseh contribute positively towards the histogram ratitf. a
See also notification 10044145.This project congsrighe pair-wise similarity is above the minimum similgrit
replacement of cables that provide acommunication threshold, then that score will increase the rafien it is
HEtWOHt( ?_Etwe:n each O;Ehte_ PLF?S inthe three recalculated. If it is below the threshold thewill cause
pumpstations.Awoonga Station has, ; ; :
See also notification 10044145.This project congxrithe the ratio to decrea.se' It is related to and h@hrfmt
replacement of cables that provide acommunication effect on the cohesiveness of the cluster. Thd"mw
network between each of the PLCs in the three threshold should be given before clustering. Aapth
pumpstations.Awoonga Station has, parameter is Minimum Histogram Ratio which is the
See also notification 10044145.This project congsrihe minimum value every cluster must maintain its hisémm
replacement of cables that provide acommunication . . .
network between each of the PLCS in the three ratio above. Its fun_c'uon is to. stop clusters cte’rqjy
pumpstations.Awoonga Station has, degrading and lacking cohesiveness, thus resuiting
See also notification 10044145.This project congsrihie poor quality clusters. The last parameter is Maxim
replacement of cables that provide z_acommunication Degrade per Data Entry. This specifies the maximum
gﬁxvgsrlfaﬁg;ﬁ?:;fgfg;ggﬁoiLg;"n the three degradation ratio allowed when a new data entagied
See also notification 10044145.This project congsrighe to a cluster. Thus stopping entries degradingoreity
replacement of cables that provide acommunication of a cluster by too much and too fast is its maimcfion.
network between each of the PLCs in the three
pumpstations.Awoonga Station has, Due to the pair-wise computation between each ghir
See also notification 10044145.This project congsrihe records, this method is quite expensive. Thesaatan
replacement of cables that provide acommunication take a combined dataset including the maintenance
network between each of the PLCs in the three .
pumpstations.Awoonga Station has, recordg of the three pump statlons, namely Avv_oonga,
See also notification 10044145.This project congsrighe Bocoolima, and Wooderson as the inputs. That ig, wh
replacement of cables that provide acommunication in these experiments, maintenance data of eadbrsiat
network between each of the PLCs in the three handled separately.
pumpstations.Awoonga Station has,
See also notification 10044145.This project congsrihe Experiments conducted here used 0.1, 0.2, 0.3a04
replacement of cables that provide acommunication 0.5 for the Min Similarity and Min Histogram Ratio.
network between each of the PLCs in the three -
pumpstations.Awoonga Station has, There were 503 separate tests and files generated

containing the results with a combination of diffier

Table 4: Records in cluster 8 options (different Min Similarity / Min. Hist. Rativalue

Term Freq | # Doc Keep | Weight| Role pair, with or without stop word removal, with orthout
+actuator | 2 2 Y 0.897 Nou porter stemming) across the three datasets, eawhioh
is a separate pump station (Awoonga, Bocoolima and
+address | 6 6 Y 0.734 Verh Wooderson).
+affect 2 2 M 0897 | Verb The evaluation of the results of these clustering
+alarm 20 19 Y 0.566 | Nour algorithms is made difficult by the fact that théseno
tallow | 4 4 v 0794 | Vverb information provided to indicate which category atad
entry belongs to (thus no training data). Withthis
Table 5: Terms knowledge it is impossible to evaluate the quatditythe

clustering using the traditional recall, precisiand F-
As to the testing of the ClUStering results fromminer, measure techniques as all of them re|y on external
it is recommended to let the domain experts dethée knowledge. This external knowledge is lacking st
accuracy of the clustering. The domain experts cafjuation. Thus internal measures must be uséx fifst
readjust the setting of the SAS Miner until they & s to simply use the number of clusters built aothpare
desired results. When they find the terms in #®ilts that result against the number of categories agestgd
are not important, they can reset “Y” to “N” foreth py the SAS Text Miner (which is 13). The secondois
“Keep” attribute. Text Miner also allows the user measure the cluster self-similarity scores for ezlakter.
reassign the weight of the terms. The domain égperrhis is done by simply averaging the pair-wise esor
need to decide which terms are more important ¢hher  that are contained within a given cluster. Thef-sel
terms and then reassign the weight to improve thgmilarity for each cluster can then be averaged to

accuracy. The evaluation of the results of textemiis determine the average cluster self-similarity sdorethe
only available when there is testing data. Momcfions



clustered dataset. The third technique is to deter the show the number of clusters produced when either or
cluster cohesiveness for each cluster and aversige tboth of the stopword removal and stemming techrgque
across all the clusters. The method chosen tardeate was included. The higher the Min. Similarity / Midist.

the cohesiveness was the weighted similarity of thRatio, the higher quality clusters generated imgeiof
internal cluster similarity and the following fortau cohesiveness. However, the clusters are striatel a
(Steinbach, et. al., 2000) outlines how the colesgs therefore tend to try to be perfect. This can liteisua

for a cluster was determined. large number of small (contain only a handful ofries)
tight clusters being generated for a dataset. Yemple
1 cosine(d' d) is first line of Table 6, where the number of chrstis
2 ' high due t ducti f highl hesive tdu
|S| di's very high due to production of highly cohesive tius.
di's The Low Min Similarity/Min Hist. Ratio makes the
- : : : : clustering process easier as the clusters arestessand
Min #Clusters | #Clusters | #Clusters | #Clusters | ayrjeg can more readily be added to a clustenweer,
Sim. /| with No | with with with No . . . .
Min. Stopword Stopword | Stopword | Stopword this has the side effect of reducing the cohesise
Hist. Removal and/Removal |Removal |Removal the clusters thus making them looser or low purity.
Ratio No Stemming | and But No | But
Stemming | Stemming | Stemming Min #Clusters | #Clusters | #Clusters | #Clusters
Sim. /| with  No | with with with  No
0.5/0.5 | 44 139 40 151 Min. Stopword | Stopword Stopword Stopword
Hist. Removal Removal Removal Removal
0.4/0.5 | 33 100 28 96 Ratio and No | and But No | But
0.3/05 | 26 54 22 54 Stemming | Stemming | Stemming | Stemming
0.2/05 | 14 24 13 24 0.5/0.5 | 44 39 41 41
01/05 |6 1 8 6 0.4/05 | 33 28 27 31
05/0.4 | 42 133 38 146 03005 | 25 21 25 21
0.4/04 | 31 90 28 89 0.2/0.5 | 14 1 14 12
0.3/0.4 | 25 43 22 44 0.1/05 | 8 8 8 8
02004 | 11 9 10 12 0504 | 41 37 38 39
01/04 |5 8 12 4 0.4/0.4 | 31 28 25 31
0.5/0.3 | 40 127 38 134 0.3/0.4 | 24 18 21 19
0.4/0.3 | 31 81 28 78 0.2/0.4 | 11 9 10 1
0.3/0.3 | 23 37 22 4 0.1/04 | 5 4 5 5
02/03 |8 7 7 11 0.5/0.3 | 39 37 38 39
0.1/03 | 3 3 8 3 0.4/0.3 | 31 28 24 31
0.5/0.2 | 40 111 38 116 0.3/0.3 | 20 15 19 2
0.4/0.2 | 31 72 28 62 0.2/03 | 8 6 7 8
0.3/0.2 | 19 28 20 31 01/0.3 | 3 2 3 3
02/02 | 4 9 5 4 0.5/0.2 | 39 37 38 39
01/02 |3 5 > 3 0.4/0.2 | 31 28 26 31
0.5/0.1 | 40 78 38 94 0302 | 14 8 12 19
0.4/01 | 31 34 28 45 0202 | 4 4 4 4
0.3/01 | 11 18 20 9 01/0.2 | 3 2 3 3
02/01 | 4 4 4 4 0.5/0.1 | 39 37 38 39
01/01 |3 5 > 3 0.4/0.1 | 31 28 22 31
Table 6: Clusters for Bocoolima Station using SHC 0301 ) 6 4 4 °
. 02/01 | 4 4 4 4
Tables 6 and 7 show some of the results achievied us
the SHC and ESHC-IntraCVS algorithms with term | 0.1/0.1 | 3 2 3 3

frequency used during the building of the vectoac® tapie 7: Clusters for Bocoolima Station using ESHC-
model. Overall the enhanced algorithm (ESHChracvs

IntraCVS) seems to perform sightly better than the .
original SHC from the view of building a smallermber  In Table 6 and 7, the number of clusters is sma¥ieen

of clusters for a given dataset. stopword removal is implemented than when stopword

removal is not used. This is due to the removal of

Results in Tables 6, and 7 also show the effect @bmmon words that are common and thus reduces the
employing the text pre-processing in clusteringes&ts  gimensionality of each entry. Also, the number of



clusters generated when stemming is used is alatliesm 3.3 Semantic Network Results
than when stemming is not used. Stemming reduces. _ . . . :
words/terms to their common stem and thus reduges to5"9 the default settings in Leximancer is pattidy

number of unique words for each entry and can reduﬁse]:ju' fo(; t_hos_e YIVhO ari not fam|(IJ|Ia:jW|Lh the telata _onh
the pair-wise similarity scores due to their befeaver ?1'_1 hanh Is similar to the Groun E;] Theory appromc
unique terms being matched between entries. which the important themes in the text are meant to

appear from the text alone, independent of the rubse
From the results obtained, the Minimum Similariglue  (Smith, et. al., 2002).

has the biggest effect on not only the number o$telrs he fi . feeds the d f heah
produced but also the self similarity and cohesegsnof T e first experiment feeds the dataset from theethr
stations as free text for the semantic analysisthé pre-

those clusters. However, with a high Minimum , h q q
Similarity value many small clusters are produced #rocessing step, the common stop words are remave

opposed to having a low Minimum Similarity valuethe (tjermithﬁ\t cofn.tamthe same stems ar(;mer?a(i)rlle

producing few large clusters. The challenge isettize \évor 'T:]— e |stc|) important cgnc;)eptsLls sShowed &l el g
to find the most suitable value for the Minimum:: e results generate .y eximancer inciude
Similarity to achieve the best outcome possible tmsl MPOrant concepts containing: pump, suction, valve

can vary from one dataset to another. discharge, motor, beari?g, and fparl_ing._ Concpptrip®
is more important than “bearing” which is identitalthe

Min No Stopword Stopword No theory that bearing class belongs to pump class.
,\SA'.m' I'} Stopword | Removal and | Removal Stopword | gimijarly, the concept “valve” gets a higher petege
in. Removal Stemming and No | Removal . =
Hist. | and  No Stemming | but than the concept “discharge” and the concept “suotiin
Ratio | Stemming Stemming |that discharge and suction are subclasses of vdlvis
interesting to see that the concept “cooling” ismded as
CSs| cc | css| cc | css| cc| csg cc|moderate related (37.4%) to this whole dataset.e Th
0505| 058 017 o0s59] o024 o058 odo ok7 oheoncept “water” also appears in the .results. Uguhk _
term “code” wound not be deemed important due o it
0.4/0.5| 0.49| 01§ 053] 013 05p 013 051 Ofd€mmon use. The concept “code” is selected as thet m
03/05| 040l 011 o039] o008 o04p o011 o087 olggnportant concept based on its frequency countthén
data set and due to its significance...The “codefeh
02/05| 030/ 00§ 0.30| 003 030 009 028 OQpflects the kind of work that has been done int tha
0.1/05| 029 003 030 008 028 002 082 ojaarticular maintenance record. The code number is
] 5 implicitly related to a failure mode; however, anno
05/0.4) 056 017 059] 029 056 020 036 © xpert cannot infer the relationship. For example,
0.4/0.4| 0.49| 019 053] 013 050 013 051 0/1300458BIL is the one of the technical codes.
0.3/04| 0.38| 011 0.34| 011 031 008 0.4 O0JdBach concept in table 9 is related to other comgept
02/04] 028] 004 0271 004 o028 o0dz o0bko 0.O\glhich appear in the concept lists. Table 10 isteof the
concepts related to the concept “discharge”. Fiaile
0.1/0.4| 0.20| 00d¢ 0.28/ 004 024 000 029 00p0, relativeness of concept “valve” to concept
0503l 055/ 017 059 020 o056 o0do oks olifischarge” ar_wd “actuator” are quit_e high. Frore tlaw
dataset, we find out the terms “discharge” and veal
0.4/03| 049| 01§ 043/ 013 049 013 051 0{8nd “actuator” are often used together. In the raw
0.3/03| 028! 004 032 0.09 0.26 0.do 0.35 olodataset, there is a sentence in the “Long Textd fte
illustrate the situation: Ihvestigated alarm on SCADA
02/0.3) 025 00§ 019/ 00Q 018 0G3 0¥6  009,mp |ocks out at Awwonnga pump station. Traveted
0.1/0.3| 0.16| 0.0d 013| 000 016 000 0.18 ojpdwoonga to reset flags and check discharge valve.
0502 055 011 ossl o020 oss odo oks o F;etumed to collide In the “Equipment Description”
7 ' : : : : : ']fleld, it normally shows the text thdtscharge valve and
0.4/0.2| 0.49| 0.18 053] 013 o05p 013 051 of@ctuatorwhen the term “discharge” appears in the field.
0.3/0.2| 022| 00§ 022/ 003 01r 0.00 037 OfRigure 5 shows the associated concept map. Thyebig
0202 020 004 o018| 004 o1 ods ob1 odhe circle on the map the more imp(_)rtant that th(m;ne
compared to other themes. Theme is the representat
0.1/0.2| 0.16| 0.09 0.3 00¢ 015 040 018 0.08ncepts amongst the collection of concepts. Filoen
050.1] 055/ 017 059] 020 o056 o0do obe opgoncept map, we can tell the theme “pump”, “codeid
‘replace” are important themes. Themes can be
04/01) 049 018 053] 013 051 013 051 04§yerlapped. One concept can belong to multiplendse
03/0.1] 015/ 0od o021| 003 o015 0do o0p1 ojdsecause of the relativeness between concepts. k Clic
0201] 021l ood o8l ood o ods ok o concept node on thg concept map and it wi_II shoav th
e : : : : : : i lated concepts by linking them together. Fidu@so
0.1/0.1| 016/ 00d 0.13| 009 016 040 o018 oljshows the concept links when the concept “valve” is

_ . chosen. The shorter of the concept link meansribie
Table 8: Average cluster self similarity and cluste ygjeyant the other concept is to the selected quncEhe
cohesiveness for Bocoolima Station using ESHC- yistance from “valve” to “charge” is shorter thamet

IntraCVS distance from “valve” to “cooling”. So the relatiship



between “valve” and “charge” is closer than thée regarded as belonging to the “replaced” theme. B
relationship between “valve” and “cooling”. using this characteristic, small themes can besifiad

Absolute. | Relevant. into big themes. All the records should belong tb 1
Concept Count Count t_hemes at the end,_ if each big circle counts forelne as
code 219 100% figure 5 shows. This would helps reducing the nunde
themes (clusters).
pump 182 83.1%
purpose 128 58.4% Concept Absolute Count| Relevant Count
motor 117 53.4% discharge 32 100%
text 115 52.5% 0
replace 112 51.4% valve 30 93.7%
work 105 47.9% actuator 29 90.6%
cooling 82 37.4% code 20 62.5%
Flowmeter 79 36.10% .
provide 65 29.6% work ul 53.1%
pstn 56 25.5% pump 16 50%
Inspection :’: 223523’ Table 10: Related Concept with “Discharge”
SLT\JZCI 43 19..6(%: Semantic Network identifies the important conceijpts
experiment. It discovers the unnoticed relationship
damage 43 19.6% between the concepts. The distances between the
discharge 32 14.6% concepts can be found out from the links on theceph
closed 32 14.6% map. Small themes can be included in big themes.
actuator 31 14.1%
condition 30 13.6% 3.4 Association Rule Mining Results
contractor 29 13.2% For the SAS association rule mining, the minimum
water 25 11.4% support threshold is set as 4% for minimum transact
upgrade 24 10.9% frequency to support associations. The reasoretas
cables 20 9.1% low threshold is that some important words thatef
switch 17 7.7% the failure mode are not frequently occurring ire th
bearing 15 6.8% W_hole dataset. For the given problem, it is valeletp
discover the association rule of the infrequenmteif
thermocouple 14 6.3% any of the failure modes (Table 1) appear in the.run
temperature 14 6.3% general, Support and Confidence are the most cottymon
conditioner 13 5.9% used indicators to evaluate association rules. Low
batteries 11 5% support or low confidence rules should not be uséd.
voltage 11 5% low support and/or low confidence means the ruleois
supplied 10 4.5% seen or not occurring ofter! and could be a randeante
satisfactory 9 4.1% or coincidence. However, in the proppsed probke_‘mn
- ' a rule does not have enough supporting recordsif ltut
suction 9 4.1% contains the terms reflecting the failure mode, thie
exchanger 8 3.6% can be deemed as important.
heat 8 3.6% A total of, 65536 association rules are generaiesl to
Isolated ’ 3.1% the lower support and confidence threshold. Ameple
Pumpstat 6 2.7% of generated association rule is pummaintenance.
Maintenance 6 2.7% The rule states that if the record contains thenter
sparling 6 2.7% “pump” then it is high likely that the record widllso
ventilation 6 2.7% contain the term “maintenance”. These rules become

interesting if any of the rules include the ternmatt
indicate the pump failure modes as listed in TablEbr
Since small themes can be contained within biggexxample, rules such as pummaintenance and
themes, such as the “valve” and “discharge” themewaintenance pump indicate that records supporting
should be under ‘“replaced” themes (Figure 5). Fdhese rules may be the records that indicate thenfp
example, one record contains “Flowmeter, ults Hedto failure mode”.

sparing Electeq investigated fault. Reset 425 Udgsf .
due to induced surge. Test complete. Control supp pr lgxe}’mple a subsdet ?f crjules :\hat mclt;dg th% term
reinstated program logic contr pump Nol replaced plofogcg]c?l'nare eaﬁgfcéest;%,[n glét;]eecf}u:n?esa tﬁg? eere
batteries discharge valve and actuator progranc’ldgi discoverleg irvlvclude tr):e foIIoWin ) u w

the “Long text” tuple. Since the terms “replaced”, 9

“discharge” and “valve” appear together, this relcoan

Table 9: Ranked concepts



Water cooling, pump cooling, cooling clean,
pipework cooling, pig cooling, lines cooling,
remove cooling, debris cooling, several cooling,
refilled cooling, drained cooling, clear cooling,
blew cooling, waterpump cooling, vaccum cooling,
transformer cooling, thermographic cooling, report
cooling, minor temperaturecooling, imagining
cooling, flow cooling, current cooling, circuit
cooling, cables cooling, breaker cooling, addressed
cooling, cooling abnormalities, service cooling.

The rules that contain the key words that appeahas
pump failure mode are direct indicative of the sule
importance. Examples are watetooling and
pump cooling. However these rules do not assist in
finding other associative terms appearing withftikire
mode terms. These associative terms, in turnfuadmer
be utilised in identifying the maintenance recows
failure of a component rather than a routine maiatee.
The rules such as debrigooling, cables cooling,
drained cooling, clear cooling, temperature cooling
are more interesting. Terms like debris, cablesined
and clear do not directly reflect that they indéca
failure mode. However the association of thesenser Three methods have been employed to analyse the
with a term (that is a failure mode) indicate tithé SunwWater dataset in order to classify the failuoslenfor
presence of these terms in a record might giveaeetr each record. SAS Text Miner makes use of the
about the failure mode. For example, if there is @aditional text mining technology to analyse thatad
coexistence of cable and cooling in records, they are Stop word removal, stemming, and same word as
possibly an indication of a cooling water motorlgeon.  different part of speech are used in the parsinggss.

Or if temperature cooling, then the records which SAS Text Miner distils key concepts and analyses
contain temperature and cooling are clustered aBngp relationships between isolated terms or phrases.
water heat failure mode. Therefore, the results are not just the collectimin
keywords. It identifies the cognitive terms or cepts.
Experiments with SAS reveal that 13 clusters exishe

data set including maintenance records of all timeap
stations. There are some impressive results deatify

the network cable failure successfully. At the saime,

it can't identify the cooling system failure. A®rf
Histogram clustering methods, two types of clusigri
methods were implemented and there were 503 separat
results from the various conditions tested. Result
significantly varied according to the parametetisgs.

The number of clusters can be varied from 2 to 1Baie

to the scalability problem, datasets from thredista
can’'t be combined into one dataset. Leximancansde
present better solutions. In the results, it dostahe
anticipated outcome. Terms such as “pump”, “begrin

_ “motor”, “cooling” appear as the concepts in theuiés.
Figure 3: Support The concept map presents the relativeness between
concepts in the straightforward way. If the smhaéimes

can be included into big theme, then it is muchezas

find out the right cluster. But the condition isthhe big
themes are identified correctly and as the requerém
Association Rule mining was also used in an attetmpt
find out the relations between important terms.
However, the experiment results in poor performance
Most confidence and support levels appearing inltes
are low. Further concerns should be given to figdhe
relevant rules giving the tolerance to the low sappnd

low confidence.

Figure 4: Confidence

Since in this section, we are interested in thanter
associations of failure modes, rules with low suppod
low confidence still reflect the terms that may icade
the cause of a failure mode.

4  Discussion and Conclusion

The figures above and following (3 and 4) are tiygp®rt
and confidence for the association rules discovarekis
experiment. These figures show that most of teerds
have a low support and low confidence. From figByre
only the first ten to twenty rules have a suppdrb\ee
10%. The rest of rules are near to 1%. In figlirenly
20% or fewer points reach the confidence over 50%e
confidence of most points ranges from 0 to 30%.
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Figure 5. Concept Map



