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correctly and the rest 18 (29%) were classified incorrectly as ‘Email, web hosting &

Domain name problem’ fault type.

Predicted

CEl ) A [ CNR UIT— Line = / * MSAG power i Customer ! Email, web
Core Fiber or | LAN or | hosting &
Actual config network | Problem Transmission | Router Domain tul '
& problem problem name
|I ;m.l.!--rn
| | - — — + [
CPE change |
or 0
configuration 750 52 179 35 2 (8] 1018 470
‘ & |mrl |
| .
| CNR or Cor | |
| network L - 139 87 25 - 0 0 284 497%
problem .
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- HOt 89
Problem 49 38 1432 74 9 4 1600
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or | ] [}
[ : "o o 689 40
Transmission 170 20 R £ 314 | -
|
problem I|
| | |
Customer | ‘
| : . 0 118 507
| LAN o1 . 0 13 .;h h(} |
| Router ) |
I Email, web = |
hosting ‘
b2 1
Domain a o 14 ‘ 1 1 44 f
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problem
|
matri xperimentatol

be observed on table 5.7 that the classifier

ular experimentation, it can
the ‘MSAG power O

; it of the
Slem® clase. It is observed that most of 1

From this parti . : ‘Line
; ) ¢ Transmission problem class with the "Line
1S more confusing

values in the corresponding two
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attribute (BB T ‘chnology’ and ‘Month’) values for this two fault types is similar. This

can cause the classifier to confuse the fault types from one to the other.

Experimentalion 4,5,6,7: using J48 decision tree algorithms with various
folds of cross validation test option
The accuracy result of the additional experimentations made using J48 decision tree
algorithm by changing the default parameter of cross validation test option in table 5.8

below.

Cross
b -y | No.of ‘
Exp.No, | . Algorithm validation lime Accuracy
ttributes
fold values
T [ 1 | ‘
4 0.29 72.60%
L5 r 15 0.07 72.52%
7 J48 [ | .
v 20 0.04 =2 .60%
i 1 1
} 25 0.04 72.78%
e B . |
iracy results for experime wde using JaB algornthm witl Txl
vl l"-"il[\--»\d.lii lest option,

As it can be scen from table 5.8 above, the results obtained through applying different
fold values of the cross validation test option, were not predictable because no
| consistent pattern of increasing or decreasing cannot be observed. But a better result is

; ; wracy of 72 78%
observed at the fold value of 25 which results in accuracy of 72.78%.

Experimentation 8, 9,10, 11; 12: Applying various percentage of SMOTE

filtering technique on J48 decision tree algorithm with cross validation test

option
- ! . . i
As it can Le <oen from figure below, through visualizing the BAubt OF Thatmaces 08
W , Jacces are not approximately equally
each of the class variables, 1t 1S observed that the classes are n« t ap} y €q

represente
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Type: Nomnal

Distinct: 6
Ursque: 0 (0%)
No.
0 Count =
" _— - wegnt
r 2 of configuration & port 3096 ¥ ?
2 i ark problem 96! ==
B 360 9%60.0
= -SIE 4705 Tame ¢
4| MSAG power or Transmission problem | 1844
e = i
€ tng & Domain name pr... (17 =
epr... |171 1710
Class: F
v Visuakre Al
4106
3006
m
 Class variable representation of target data set.
Theref ‘., vddress this dataset imbalance problem, on this experimentation section,
Synth ority Over-sampling Technique (SMOTE) was applied. This technique is
an o\ approach in which the minority class is over-sampled by creating
synth ; rather than by over-sampling with replacement.
There -ox mately 4705 instances in the majority class (Line /Fiber problem) and
171, 33 1nd 3096 instances in the minority classes for the training set used

n 1()".{}’(: Cross-?

variables SMOTE «

. "dation. To get a balanced number of instances for each class
ver sampling technique is applied on the minority classes in different

(318
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percen een on table 5.9 below the minority classes were over-sampled
at 300 ir original size.
' Applied
o Y 1, : = Ta | . 5 Ne
Exp. No. | Algoritiim Test i Minority classes SMOTE 3
. [ Accuracy
| Option Percentage
Q | Email,web hosting & Domain [
' name problem 300% 72.40%
‘ 10-Fold T
(8] ~ustomer LAN or Router 200% 1 0
i \ 3.18%
Cross e — | 4 ' :
0 | . Email,web hosting & Domain a [ :
| Validation name problem gRem 0%
11 “CNR or core network problem 300% | 74.60%
12 ~ Customer LAN or Router 300% | 77.0%
nary sperimentatio th SMOTE filtering techniguon

As it can be seen from table 5.9 above, the best result obtained from this specifi

experil o0 wis 77.9%. This classifier accuracy is obtained from a new total
number o/ instances which 1s 21,533.

Based on the information gained from the confusion matrix, the classifier developed
using the J48 decision tree algorithm with ‘Cross-Validation (10 folds)’ test option and
SMOTE filtering technique, 3096 number of instances were classified from the total
21,533nuniber of instances as ‘CPE change or configuration & port’ fault type. As it can

be seen from table £.10 below, among these instances, 2147 number of instances (69%)

were cor v clas:ified as ‘CPE change or configuration & port’ fault type and 949

(31%) were incorrectly classified as ‘CPE change or configuration & port fault type.

" - P, 3 3 ] ‘ll"".-‘ "“"\' « Core
Among the total number of instances, 3840 instances were classified as ‘CNR or Core

fault type but among these instances, 2963 (77%) were classified

and the rest 877 (23%) were classified

network |

correctly as ‘110 or Core network problem’
incorrectlv. Again from the total number of instances, 4705 Instances were classified as
‘Line / I voblem’ fault type but among these instances 3589 (76%) were classified
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correctly as ‘Line / Fiber Problem’ fault type but the rest 1116 (24%) were classified as
‘Line / Fiber Problem’ fault type incorrectly.

The total number of instances that were classified as ‘MSAG power or Transmission
problem’ fault ©vpe were 1844 but from this number of instances 542 (20%) were
classificd correctly and 1302 (71%) were classified incorrectly as ‘MSAG power o
Transmission problem’ fault type.

[n addition, ~212 nuiihers of instances were classified as ‘Customer LAN or Router” type
of fault Lt ameno these instances 5200 (98%) were classified correctly and the rest 112
(2%) were classitied incorrectly. From the 2736 total number of instances classified as
‘Email b hostine & Domain name problem’ fault type, 2338 (85%) were classified
correct! ' rect 308 (15%) were classified incorrectly as ‘Email, web hosting &
Domain name] 'om’ fault type.

Generallv. 11 roonl of the experimentation with SMOTE filtering technique shows that

oversampling the minority class can improve the accuracy of the classifier.
Experimentation 13, 14, 15, 16, 17: using J48 decision tree algorithms by

varying the value of confidence factor.

Asit can I+ o heorved from the previous experimentations, the number of leaves and tree
size is hig ls to be pruned so as to make the tree manageable. Therefore this
experimentation ¢-nsidered various confidence factors so as to decrease the tree size.

These oxpeimentitions were made using the J48 decision tree algorithm ‘cross

validation (10 fold)" test option and by varying the value of the confidence matrix of the

classifici “The results obtained are summarized on table 5.10 below.

' Exp IMIT_TGSI Confidence | No  of Tree Accuracy
44 . " . =

Option Factor Leaves | size

! s ! !
=== 213 72.57

—r ; 171
19 | 0.3




As it can

also incri
the number

decrease.

Algorithm

As it can |
-.]-18 lll'\".'-.

the origin:
The result «

that if a

using SMOT]

f

Summary ol

» ohserved from t

data set was 72.14%.
| tained with applying SMO'

Cross 1 0.4 [ 190 239 22.78

J48 Validation | 0.02 [77 | 99 | 72.2¢

. ., 2.29

| - + ' ‘

| 10 folds | 0.01 73 04 72.21

b + + -
B | g : 0.001 57 74 7199

Vol experimentation us 14 decision tree .||.;-_1||'1I!.|n _||:.. ihillere

vitlues of confidence matriy,

from the above table 5.10, as we increase the value of confidence

matrix, the accuracy value will also increase and the number of leaves and tree size will

) the other hand as the values of the confidence factor decreases, both

wes and tree size will be decreased but the classifier accuracy will

5! results of experimentations done using J48 decision tree

algorithm
|
vo. « finstances Test options | Special approach | Accuracy
|
e — - |
10 Fold Cross Default 74.06%
11,108 oy
validation
i 10 Fold Cross .
SMOTE filtering .
21,53 validation : % 77.90%
P2 technique (300%)
|
y SMO)

I 1 -1l . s BT or antlvii
cesult obtained nsing J4& rithm, before and afl Pl

able 5.11 above, from the experimentation done using the

. ' -orithm with 10 fold cross validation, the best result is obtained by

ltering technique which is 77.90% and with the accuracy obtained with

I'E minority over sampling technique implied

variables can get enough number of instances, a better accuracy

result can be ol

vt
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To confirm this idea, in addition to applying SMOTE, for the sake of curiosity the
researcher also took the instances of the two class variables with the large number of
instances and applicd J48 decision tree algorithm and 10 fold cross validation and got a
classifier accuracy of 88.4%.

. e : . "2 8P - - . -
tation using naive baves classification algorithm

Experimentation 13: Applying naive bayes classification algorithm with
‘use trainine o ‘eross validation (10 fold)’ and ‘percentage split (66%)’
test options
The noive bhoves elascification model building experimentation was also done by
applying three of the available four test options on WEKA data mining tool. The selected
test options are ‘Use training set’, ‘Cross-Validation’, and ‘Percentage split’. The results

are summarized in table 5:12 below.

g
= ) g s
: ‘ 2% |2
= - > - _ = & 4
| @ ¢ Test options daramelters - ;
B Z o R
- - < ’ b
g ' s g | <
| a = = £
~ |
w
¢ |
l - -__..‘__— 3 ‘ o I | 5 | ", il ‘ ]
Use training set Default 0.05 69.18
1 Sk 7 | Cross validation Default 0.02 69.399
ﬁ't'(‘{.‘llla@;pﬁl_- Default 0.01 69.10"
tab Kperine ntations made naive baves classification algorithn
. on the three It 1
As it can 'm table above, the classifier accuracy obtained using all the three

» . L. ’ 1] '_]"
test options are alr ost equal which is approximately 69%.

Ex) ‘on 14: Applying naive bayes classification algorithm with
1" ‘.I" 101 3 ¥ . ; : -

. . - schnique
<21OTE minority over sampling techniq
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The naive bayes classificatio 1d; . ‘

‘ . n model building experimentation was also done by
applving SOMTE 1 inority : . ;

1ppl ity over sampling technique and three of the available four test
options on WLEIA data mining tool. The selected test options are ‘Use training set’,

‘Cross-Validation’, and i
Cr | ‘Percentage split’. The results are summarized in table 5:13

below.
- -«,
2 .
g : | AT
'8 ¢! E 1 ; SMOTE % Z |8
& 2 : I'est options | = 3|k
g - : 5 | Filtering technique | ¢ 3 | £
b4 i E |2
B | | = =
£3 | |
Use training set ' 300% 0.05 | 67.019
nave - IS ' : !
1 X Cross validation 200% 0.01 69.08%
Percentage split 3:1::‘){.' 0.01 | 66.14%
I experi wentations made 1s -_:n.u\q'Il.nrs|l.|‘.-.|l'n.\1|n|..nl.-.---u!!.n. witl
SMOTE minority over sampi ny technigque
As it can b 1 from table 5:13, the classifier accuracy obtained from the

experiinentation made with naive bayes classification algorithm on a data with SMOTE

minority over sampling technique, was not improved.

Comnarison and Discussion of accuracy results obtained with both

algorithms

As it has been disenesed in the previous f!:-.pcrimentatiun sections, the target data set has

been tested in two ¢lassification algorithms (J48 decision tree and naive bayes) using

different WE KA te<t options and varying values of classifier parameters.
o <howed that, the classifier accuracy obtaine

The results obtained
s, in all the three test options, the classifier accuracy obtained

d with J48 decision tree

algorithim out perl

with naive haves classification algorithm.
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In addition, applyine SMOTE minority over sampling technique improved the classifies
accuracy on the » of the J48 decision tree algorithm where as on same condition the
classificr aceuracy was decreasing for the case of naive bayes classification algorithm

Therefore, @5 the ahove experimentation shows, from the two classification algorithms
applied in this pa ‘cular study, it can be said that J48 decision tree algorithm is bettes

h‘llilii]}lt' for pre icting the target data set.
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5.2.3 Bestrt rom the experimentation made using the J48 decision tree
algorithm
On this section, selected 13 best rules are presented with a discussion of the rules by
grouping the best rules based on current handling site and also by the fault occurrence
month. It is understood that the list is not exhaustive but only the ones believed to be

presented are listed. These best rules were selected together with the domain experts.

Rulet: If Carrent TTandle Site = FAN Addis: Line / Fiber Problem (1772.0/1.0)

Rule2: If Current Handle Site = NNOC and Month = April and BB Technologies
Wired and Trouble Grade = Critical: Customer LAN or Router (369.0/50.0)

Rule 3: If Current Iandle Site = O&M Addis and Month = August and Trouble Grade

Critical and BB Techinologies = Wired: CPE change or configuration & port (100.0/1.0)

Rule 4: If Current Handle Site = O&M Addis and Month = August and Trouble Grade
Critical and BL Techne logies = Wireless: CNR or Core network problem (41.0/1.0)

Rule =: 17 Cyrrent Handle Site = O&M Addis and Month = August and Trouble Grade

Normal: CNR or Core network problem (95.0/13.0)

Rule 6: 1f Ciivrent fTandle Site = O&M Addis and Month = July and VIP Flag = NO:
CNR or Core network problem (731.0/3:.0)

Rule — 1f Criveent Handle Site = FAN Region and BB Technologies = Wired: Line

Fiber Problem (1208.0/25.0)

Rule 8: if Currcnt Hindle Site = NNOC and Month = April and BB Technologies
f Wired and Tro " -ade = Normal: Customer LAN or Router (153.0/9.0)
i = :
Rule o _ sdle Site = NNOC and Month = April and BB Technologies

Firber: Line / Fiber Problem (88-0/3°0)

Rule 10 {17 adle Site = O&M Addis and Month = July and VIP Flag = YES
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and Troublc Grade = Iscalated and Title = Business Center: CNR or Core network
problem (52 (
| s 11s 1f Current Ha . Q: i .
Rule 11: ! vt linndle Site = NNOC and Month = March and Title = Business
Center and DY Technologies = Wired and Trouble Grade = Critical: MSAG power o
Transmission | lem (13.83/1.0)

Rule 12: If Current Iandle Site

NNOC and Month = March and Title = Bank o1

[nsurance and BB Technologies

Wired: MSAG power or Transmission problem

(78.62
Rule 13: 1] 1t Handle Site = NNOC and Month = August and BB Technologies
Wirel ' ~vhl Grade = Critical: MSAG power or Transmission problem
(114.
Among the above listed best rules, Rule 1 and 7 shows that, most of the faults handled by
FAN addis current 1 andle site were Line / Fiber.
The other irformation indicated by the generated rule is that in the rainy seasons the
most frequently happening broadband network fault is ‘CNR or Core network problem’
this ca o from miles 4, 5, 6 and 10. According to the domain experts, in the rainy
season | ‘work resource transmission media, be it wireless, wired or fiber,
can casily he alfected by the weather. Especially, the wireless network is highly affected
by the | ¢ is high interaction with it, including the DHCP server. Therefore,
there is a need to vive due attention for such typcufI'zmltsdnringthis period of the year.
Rule 2 & 8 indicated that most of the network fault types handled by NNOC current
hand r LAN or Router’. This also indicates that such faults should not
come to the 1 there is a need to take measure 50 that the national network
operation ¢ ud spend its time on critical fault types. Such faults should be
solved at firs v rt and this also shortens the time to fix the fault.
In gel ‘ main experts’ belief that the generated rules can be used by the
compa ++ the fault handling process, and this can happen by integrating
the ru yo 1t TT system.
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5.3 Mod Juation
Evaluation in 2 dala nitning process serves two purposes, these are: - the prediction of
how well the f miodel will work in the future (or even whether it should be used at
all), and as an integral part of many learning methods, which help find the model that
best represents the training data (Souza, Matwin, & Japkowicz, 2002).
The clacsifior’s evaluation is most often based on prediction accuracy (the percentage of
correct prodiction divided by the total number of predictions)(Kotsiantis, et al., 2007).
In order to deternine to what extent the classification model meets the business
objectives, the classifiers accuracy was evaluated and based on the obtained accuracy
measures ol ons were made. In addition a discussion with the domain experts
was held regai {1 ¢ usefulness of the classifier based on the obtained classifier
performances. The domain experts confirmed that the developed classifier can be used
by the coi rcdicting broad band network types.
5.4
Depending on ‘.cments, the deployment phase can be as simple as generating a
' report o1 : "« = implementing a repeatable data mining process. In many cases
it will Le the s 11 1o data analyst, who will carry out the deployment steps. In any
case, il q1derstand up front what actions will need to be carried out in
order to actually make use of the created models(Wirth & Hipp, 2000).
As it was pre ' entioned, the result of the study was discussed with the domain
expert .;I L we h warsted that since the existing information system (Z Smart TT)
has a | ; . allow incorporating the obtained rules, it is possible to use the
result of tl | - company.
|
Based o resils ol tained in this experimentation section, the conclusion of this |
study and ree L tions for future studies are presented on the coming chapter ‘
= I
(chap |
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CHAPTER SIX

C ' SION AND RECOMMENDATION

(.1 e "
[n this research an attempt has been made to study the application of data mining
techniques specifically classification/prediction on the data set which is related with
broad hand cerviee fault customer report information obtained from ethio-telecom, The
collected data was iteratively preprocessed so as to make the data ready for the data
minin, ' desired output from it.
Among the va pes of classification algorithms J48 decision tree algorithm and
nai \ ‘ion algorithms were applied for this particular study. The classifier
aceuracy obiained by J48 decision tree algorithm was 74.06% with the prepr eessed
data se! Alior applving SMOTE minority over sampling technique the accuracy was
improve
It w ' ] 1 '+ decision tree algorithm is the best classification algorithm of
the | \ 1 for this study while tested on unseen instances. The accuracy
result of " i"r nhiained by naive bayes classification algorithm was around 69%.
The rules obtai ‘5 the decision tree indicated that on the rainy seasons the most
frequently Lappening fault 1S ‘CNR or Core network problem’. In addition it was
obsc Lue faults are Line / Fiber related faults which are being handled
by ‘Al t handle site’.
As it 1y »in the result of experinwntnti(ms. the confusion matrix obtained
wit] i < . icated that the dominant fault type is Line/fiber problem with
35 ac : )| faulte. The company can take this dominant fault type and take
proacti : improve its customer satisfaction. If the company manages 10
maintpin thoes is nroactively, it can minimize 42.35 % percent of the fault or
custo 4« recommended by the domain experts, this proactive measure i
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failure.

= ' 1 Yoy 1 ’ v v 1 ’

Som d from this research can be used in Z-smart system so as to

enhance the ¢ "ondling process and improve customer satisfaction. Ethio telecom
11 Wilne £y 1m0 e 3T acgl ] 1

can use the m improve the fault assignment process so as to assign particular fault

problem for the relevant handler site or technician.

This rest \ 1o vified fault kinds faced by different customer segments like

criticnl and major customers. This also helps the company what to do for specific

custorer oronns hased on the fault type they are facing and the sensitivity of the service
failure or the coston e, Since all service types are not equally sensitive for all customers
or custom ‘<. FFor instance, internet services are critical for flower farm ple
where as data sei re critical for financial institutions.

The findi fron the ru'es generated by the algorithms showed that specific customers
groups like banks or insurance and business centers are affected by MSAG power o1
transmission i .2/ fault kind. This fault kind is true for both critical and major
cuslon ;o0 As domain experts commented, MSAG power problem can
simy! ] tapping generator power from nearby customers/mobile
transmission stal ‘Il ierefore, due consideration should be given for this fault type,
since those ¢ s 1 important for the country in general and for the company in

particular,

General | the cvaluation made on the accuracy results and testing the results

with 1he \ - even if the result of the classifier is promising, it was

Y sorent factors. S .
unde s an improvement by considering different factors, Some O

thes : i lasa recommendation below.




The p
p;lll:'! I

which ¢

based on th

which is developed in this research, generates various promising

"

nt the obtained classifier accuracy needs to be improved. Therefore,

f the study, the researcher made the following recommendations

1

~help in improving the accuracy results of the predictive models.

data Q 1o : : .
ita sct used for this study has six class variables. But, the instances

these class variables were not balanced. It was observed that this

roliem affected the classifier accuracy. Therefore in future studies,
minber of instances and having a balanced data set for each class

11 ove the classifier accuracy.

11 set used for this study was not obtained directly from the system

. rather it was generated through the Z-Smart TT information system.

“ha to the domain experts there are other additional attributes that

i1 from the data base which are related with the target data set.
‘1ine more attributes such as ‘Area’, ‘Resource Type' and other

. test can be made to improve the accuracy.

'n the original data set, applied for this study contains very
\n attempt was made to bring the values into some common
resentations. But still it needs a serious consideration because,
‘rihntes values were encoded by human beings, there are many
Nine oreors, upper/lower cases, abbreviations, etc..) to be considered

wword that represent the specific value.

 used for this particular study can be tested using other data

L

~k for better classifier accuracy.

+ data set used for this particular study can be tested using

- +esification algorithms.
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APPENDICES

Appen 11
study.

le VBA code applied in the preprocessing step of the
Sub Button2

Dim var1 As Strii

Dim uscdrows As Long

Dim myarrayt As Variant

Dim 1! | St

Dim mvarray3 As Var ant

Dim mvarravqg As Variant

Dim m \s Variant

myarray1 = Arvray("finance”, “state”, "org", "organization”, "bureau”, "agency”, "authority”,

ministrv", "aa”,’ * “woreda", "auth”, "zone", "ora". "erca”, "ercs”, "family”, "federal”,

"fl"] 1 A 12 Ef ot “1 iR (L | I "o e "wom, 'l" ", R TR »
. "Iimmigration’, institute”, "board", "zonal’, administration,

"ecorporation”, "road”, "wi ter™)

myarray2 = Array("usa’, "unher", "undp","gtz","cliut()n","rulicf',"fmmdatinu". "frontier”, "un

her, Jd" "african", "africa”, "goal", "joy", "food", "save")

myart: : Corsity”, "unversity", "college"”, "collage”, "school”, "preparatory”,

"acadomyv", "o P Mopllee™)

myarra; + center”, "trade”, "trading”, "engineering", "enterprise”, "studio’,

"ple’, “p.lc”, ' .'l'.u\'".":-‘-t:l'\'iCC","Siationil["\‘"."impﬂﬂ"."t.‘.\'pUI‘l'."SUIUUUH.
"limited”, - ,-.-;ll;{',"rusturant","tra\-'(-l"."ad\'ertizing"."nmenm. brewery”,

"bus", " . “ancacola”, "shop”, "guest’, "electronics”, "secretarial”, secreterial”,

"teel"

myai tal” '.-Eini(-"."Iahoratur,\'"."hvalth"."ml‘d!fﬂl )

| qll]}_;l.'.R(l\\-‘S.COUl‘lt

usedron




l].\l"l
For
varl = | -
Lvart = |
For 0102
I r(Tvar1, myarrayi(x))
If 1 [Tien
[ "Then
( wernmental Organization”
|
Ney
For \
tost Str(Taary, myarray2(y))
If testarrayt > o Then

" ..,”E N

¢+ vernmental Organization”

[var !‘._\';1['1‘;1_\'1’,“))

F'Jr'_r'




If Cells(i, 1) <> " " Then

cation Center"

tes! InStel Lvart, myarray4(y))

If testarravl > 0 Then
If 1>t hen

iness Center"

Fory 1
L InStre(Lvary, myarray5(y))
I V1 [l
"Then
( ) th Center
I
Nos
varz Lyvar:, "hank™)
vary e )
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var3?

vard

vars

vars

varey

varil
vari2 = |
varia

variqg = |

varilh

If vare

(Lvari,

tr(Lv

i

"ticket")
ink 'U"J

enternate”)

rnet")

mbassy")

"Insurance")

"ehh™)

1, "labratory”)

embacy”
1, "cate)

o Or varg > 0 Or var11 > 0 Then
"Then
\k or Insurance”

y Then




vars > 0 Or varé > 0 Or varis Then

=l
i

i net Cate

14 hen

0 Or testarray2 = 0 Then

| i.1) <> ""Then

En
Next

End &)
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Sub B
used:
used i
Dim Vi
For i
varl = |

If Cell

Cells(i, 10)

End 1!

Next

End S

Sub 2

Dim

Dim 1

Dim myvarra:

Dim n

Dim 1

Dim

Dim |

myari

"FAN-

myai

4 i i

iIlange.Rows.Count

Left(vari, 10)

ariant
riant
riant

' |

" AN-CAAZ", "FAN-NAAZ", "FAN-SWAAZ',
‘AAZ", "FAN - EAAZ", "FAN- W

CC". "CS Broadband Agent”,

"FAN-SAAZ’,

AAZ")

"CS Enterprise Agent”,

"FAN- EAAZ",

"CS Network &
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myarray3 = Array("O&M ER", "O&M NER", "O&M NR", "O&M NWR", "O&M SER", "0&M
SWR", "O&M SR", "O&M WR")

myarray4 = Array("FAN NWR", "FAN SER", "FAN ER", "FAN SR&SSWR", "FAN SWR", "FAN
WR", "FAN NER", "FAN NR", "FAN NWR")

usedrows = ActiveSheet.UsedRange.Rows.Count
usedrows = usedrows + 3
Fori = 4 To usedrows
var1 = Cells(i, 6)
Forx=0Toj5
testarray1 = InStr(var1, myarray1(x))
If testarray1 > 0 Then
If Cells(i, 1) <> " " Then

Cells(i, 7) = "FAN-Addis"

End If
End If
Next
Forx=0To4
testarray1 = InStr(vari, myarl"d)’2(x))
If testarray1 > 0 Then
If Cells(i, 1) <> " " Then
Cells(i, 7) = "Customer Service"
End If

End If
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Next
Forx=0To7
testarray1 = InStr(var1, myarray3(x))
If testarray1 > 0 Then
If Cells(i, 1) <> " " Then
Cells(i, 7) = "O&M Regional"
End If
End If
Next
Forx=0To8
testarray1 = InStr(var1, myarray4(x))
If testarray1 > 0 Then
If Cells(i, 1) <> " " Then
Cells(i, 7) = "FAN Regional"
End If
End If
Next
Var = InStr(vari1, "O&M SR")
If Var > 0 Then
If Cells(i, 1) <> " " Then
Cells(i, 7) = "O&M Regional"
End If

End If
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Varo = InStr(vari, "IS")
If Varo > 0 Then
If Cells(i, 1) <> " " Then
Cells(i, 7) = "IS"
End If

End If

‘var2 = InStr(vari, "FAN - ")
'var3 = InStr(vari, "FAN-")
'If var2 > 0 Or var3 > 0 Then
"If Cells(i, 1) <> " " Then
'Cells(i, 7) = "FAN-Regions"
'"End If
'End If
var3 = InStr(vari, "O&M Addis Zonal")
If varg > 0 Then
If Cells(i, 1) <>" " Then
Cells(i, 7) = "O&M Addis Zonal"
End If
End If
var4 = InStr(var1, "O&M Addis Regional")

If varq > 0 Then
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If Cells(i, 1) <> " " Then
Cells(i, 7) = "O&M Addis Regional"
End If

End If

vars = InStr(var1, "NNOC")
If vars > 0 Then
If Cells(i, 1) <> " " Then
Cells(i, 7) = "NNOC"
End If
End If
Next

End Sub
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