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 Telecom Customers Churn Prediction

Page 3
						

3
 Executive Summary :
 Telecom industry works in a different model in which connect rate is the parameter on which all the players rely.
 Churning has a very adverse impact on the connect rate. Annual churn rates for telecommunications companies average between 10 percent and 67 percent.Retention rate often falls very in some adverse conditions,thus leading toa hugh amount of loss.
 Churning generally occurs due to either dissatisfaction with the network provider or brand switching to a different service provider.
 The probable reason may be high call rates,connectivity issue.Every service provider tries its level best for retention by impoving the above parameters.
 A US based Telecom company provided us with a dataset containing usage behaviour and thus Churn flags.
 There a preliminary analysis which is done according to revenue wise split of states,churn % split of states and finally building a model to predict churn.
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 Introduction
 A telecom company in the US has provided 3000 records with various variables related to usage of telecom service.The company wants to gain insights on the data about the churning pattern of its customer base.
 The analysis is done using R.
 Business Problem Formulation
 Customers are churning out from the network .The matter of concern is High valued customers should not firstly churn out,because they contribute to the revenue much more than the rest as compared to the rest.
 Looking from State Level,we need to identify which States have to the maximum number of Churns.
 The call rates are same across all the states.The variance is quite clear when considering call rates according to time of day.
 The customers who use International Call plans should be focussed more as the call rate for an internal call on an average is close to 8-10 times than normal calls.
 We need to build a model to predict the churning pattern.
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 Data Analysis :
 1.States with highest revenues :
 WV 5961.505
 OH 5357.784
 MS 5262.667
 AL 5191.803
 OR 4884.356
 UT 4856.383
 NC 4843.414
 NY 4828.670
 TX 4825.220
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 2.States with Highest Churn Count
 UT 12
 WV 10
 MI 9
 MO 9
 MS 9
 AL 8
 FL 8
 ID 8
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 MA 8
 SC 8
 3.Inference – State wise (Top 10 Churning States):
 State
 diff_International_m diff_Night_m
 diff_Evening_m diff_Day_m
 1 UT 53.2314545454545
 59.2665606060606
 28.1570757575758
 55.1969242424242
 2 WV-29.9899761904762
 -72.829619047619
 -50.1398333333333
 -18.2094761904762
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 State
 diff_International_m diff_Night_m
 diff_Evening_m diff_Day_m
 3 MI53.2314545454545
 59.2665606060606
 28.1570757575758
 55.1969242424242
 4 MO53.2314545454545
 59.2665606060606
 28.1570757575758
 55.1969242424242
 5 MS 78.4923899371069
 96.9937106918239
 83.1437526205451
 112.173438155136
 6 AL 62.8890873015873 29.9209375 36.8590625 13.7225
 7 FL -45.5125-6.98625000000001
 -2.02805555555557
 -31.5580555555556
 8 ID 57.1249038461538
 41.0138461538462
 92.6281730769231
 63.2739423076923
 9 MA20.3041944444444
 35.4790217391304
 0.365923913043474
 20.6261956521739
 10
 SC -17.343125 9.50583333333333
 4.91499999999999
 -20.4135416666667
 diff_International_m – Difference in Average International Call Minutes (Churn-Non Churning Customers)
 diff_Night_m - Difference in Average Night Call Minutes (Churn-Non Churning Customers)
 diff_Evening_m - Difference in Average Evening Call Minutes (Churn-Non Churning Customers)
 diff_Day_m - Difference in Average Day Call Minutes (Churn-Non Churning Customers)
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 UT : The main reason for Churn probably is due to rates of International Calls,so customers tend to switch to other brands.
 The Conclusions of problematic call rates in International plan is visible in MI,MO,MS,AL,ID,MA
 WV and FL : Despite of the fact that Churn rate is second highest,figures are different,may there’s another competitor who’s offering some better plan
 SC : The Night Call rate may be a hindrance
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 Conclusion
 To stay ahead the company must focus more on pricing and beware of other competitors.
 The company needs to take into account the top 10 States in terms of revenue and number of churns as a first step in solving the problem.
 I’ve designed a model involving Logistic Regression to predict the churn behaviour.
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 Appendix
 Analysis :
 summary(tel)
 View(tel)
 tel<-tel[rowSums(is.na(tel[,3:12]))==0,]#remove the rows which have all columns missing
 tel$Total_Charge<-tel$Total.Day.Charge+tel$Total.Evening.Charge+tel$Total.International.Charge # total revenue
 tel_high<-aggregate(tel$Total_Charge,list(tel$State),FUN=sum) #grouping States by Total_charges
 colnames(tel_high)<-c("State","Revenue")
 tel_high_1=tel_high[with(tel_high,order(-Revenue,State)), ]
 View(tel_high_1)
 tel_high_1<-head(tel_high_1,10)
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 library(ggplot2)
 ggplot(data=tel_high_1, aes(x=State, y=Revenue)) +
 geom_bar(stat="identity")
 tel$Churn_yes[tel$Churn=="Yes"]<-1
 tel$Churn_yes[tel$Churn=="No"]<-0
 tel_Churn<-NULL
 Churn_count<-aggregate(tel$Churn_yes,list(tel$State),FUN=sum)
 colnames(Churn_count)<-c("State","Churn_number")
 Churn_count_sorted=Churn_count[with(Churn_count,order(-Churn_number,State)), ]
 head(Churn_count_sorted,10) #top 10 churn count
 ggplot(data=head(Churn_count_sorted,10), aes(x=State, y=Churn_number)) +
 geom_bar(stat="identity")
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 tel$International_plan_yes[tel$International.Plan=="Yes"]<-1
 tel$International_plan_yes[tel$International.Plan=="No"]<-0
 tel$International_Plan=NULL
 tel$Vmail.Plan_yes[tel$VMail.Plan=="Yes"]<-1
 tel$Vmail.Plan_yes[tel$VMail.Plan=="No"]<-0
 tel$VMail.Plan=NULL
 #UT Analysis
 UT<-subset(tel,tel$State=="UT")
 UT_churn<-subset(UT,Churn_yes==1)
 UT_non_churn<-subset(UT,Churn_yes==0)
 #----------------------------------------------
 WV<-subset(tel,tel$State=="WV")
 WV_churn<-subset(WV,Churn_yes==1)
 WV_non_churn<-subset(WV,Churn_yes==0)
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 #--------------------------------------------------
 #----------------------------------------------
 MI<-subset(tel,tel$State=="MI")
 MI_churn<-subset(MI,Churn_yes==1)
 MI_non_churn<-subset(MI,Churn_yes==0)
 #----------------------------------------------------
 MO<-subset(tel,tel$State=="MO")
 MO_churn<-subset(MO,Churn_yes==1)
 MO_non_churn<-subset(MO,Churn_yes==0)
 #-------------------------------------------------------
 MS<-subset(tel,tel$State=="MS")
 MS_churn<-subset(MS,Churn_yes==1)
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 MS_non_churn<-subset(MS,Churn_yes==0)
 #------------------------------------------------------------
 AL<-subset(tel,tel$State=="AL")
 AL_churn<-subset(AL,Churn_yes==1)
 AL_non_churn<-subset(AL,Churn_yes==0)
 #-------------------------------------------------------------
 FL<-subset(tel,tel$State=="FL")
 FL_churn<-subset(FL,Churn_yes==1)
 FL_non_churn<-subset(FL,Churn_yes==0)
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 #------------------------------------------------------------
 ID<-subset(tel,tel$State=="ID")
 ID_churn<-subset(ID,Churn_yes==1)
 ID_non_churn<-subset(ID,Churn_yes==0)
 #----------------------------------------------------------------
 MA<-subset(tel,tel$State=="MA")
 MA_churn<-subset(MA,Churn_yes==1)
 MA_non_churn<-subset(MA,Churn_yes==0)
 #-----------------------------------------------------------------------
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 SC<-subset(tel,tel$State=="SC")
 SC_churn<-subset(SC,Churn_yes==1)
 SC_non_churn<-subset(SC,Churn_yes==0)
 #------------------------------------------------------------------------------
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 #-------------------------------------------------------------------------
 #International Minutes
 --------------------------------------------------------------------------
 State<-c("UT","WV","MI","MO","MS","AL","FL","ID","MA","SC")
 diff_International_m<-c(diff_UT_International,diff_WV_International,diff_MI_International,diff_MO_International<-a-b,
 diff_MS_International,diff_AL_International,diff_FL_International,diff_ID_International,
 diff_MA_International,diff_SC_International)
 Difference
 a<-mean(UT_churn$Total.International.Minutes)
 b<-mean(UT_non_churn$Total.International.Minutes)
 diff_UT_International<-a-b
 x<-mean(WV_churn$Total.International.Minutes)
 y<-mean(WV_non_churn$Total.International.Minutes)
 diff_WV_International<-x-y
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 p<-mean(MI_churn$Total.International.Minutes)
 q<-mean(MI_non_churn$Total.International.Minutes)
 diff_MI_International<-a-b
 m<-mean(MO_churn$Total.International.Minutes)
 n<-mean(MO_non_churn$Total.International.Minutes)
 diff_MO_International<-m-n
 l<-mean(MS_churn$Total.International.Minutes)
 o<-mean(MS_non_churn$Total.International.Minutes)
 diff_MS_International<-l-o
 d<-mean(AL_churn$Total.International.Minutes,na.rm=TRUE)
 g<-mean(AL_non_churn$Total.International.Minutes,na.rm=TRUE)
 diff_AL_International<-d-g
 v<-mean(FL_churn$Total.International.Minutes)
 y<-mean(FL_non_churn$Total.International.Minutes)
 diff_FL_International<-v-y
 a_1<-mean(ID_churn$Total.International.Minutes)
 b_1<-mean(ID_non_churn$Total.International.Minutes)
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 diff_ID_International<-a_1-b_1
 a_2<-mean(MA_churn$Total.International.Minutes,na.rm=TRUE)
 b_2<-mean(MA_non_churn$Total.International.Minutes,na.rm=TRUE)
 diff_MA_International<-a_2-b_2
 a_3<-mean(SC_churn$Total.International.Minutes)
 b_3<-mean(SC_non_churn$Total.International.Minutes)
 diff_SC_International<-a_3-b_3
 #--------------------------------------------------------------------------
 #Night Minutes
 diff_Night_m<-c(diff_UT_Night,diff_WV_Night,diff_MI_Night,diff_MO_Night<-a-b,
 diff_MS_Night,diff_AL_Night,diff_FL_Night,diff_ID_Night,
 diff_MA_Night,diff_SC_Night)
 Difference_1<-cbind(Difference,diff_Night_m)
 a<-mean(UT_churn$Total.Night.Minutes)
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 b<-mean(UT_non_churn$Total.Night.Minutes)
 diff_UT_Night<-a-b
 x<-mean(WV_churn$Total.Night.Minutes)
 y<-mean(WV_non_churn$Total.Night.Minutes)
 diff_WV_Night<-x-y
 p<-mean(MI_churn$Total.Night.Minutes)
 q<-mean(MI_non_churn$Total.Night.Minutes)
 diff_MI_Night<-a-b
 m<-mean(MO_churn$Total.Night.Minutes)
 n<-mean(MO_non_churn$Total.Night.Minutes)
 diff_MO_Night<-m-n
 l<-mean(MS_churn$Total.Night.Minutes)
 o<-mean(MS_non_churn$Total.Night.Minutes)
 diff_MS_Night<-l-o
 d<-mean(AL_churn$Total.Night.Minutes,na.rm=TRUE)
 g<-mean(AL_non_churn$Total.Night.Minutes,na.rm=TRUE)
 diff_AL_Night<-d-g
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 v<-mean(FL_churn$Total.Night.Minutes)
 y<-mean(FL_non_churn$Total.Night.Minutes)
 diff_FL_Night<-v-y
 a_1<-mean(ID_churn$Total.Night.Minutes)
 b_1<-mean(ID_non_churn$Total.Night.Minutes)
 diff_ID_Night<-a_1-b_1
 a_2<-mean(MA_churn$Total.Night.Minutes,na.rm=TRUE)
 b_2<-mean(MA_non_churn$Total.Night.Minutes,na.rm=TRUE)
 diff_MA_Night<-a_2-b_2
 a_3<-mean(SC_churn$Total.Night.Minutes)
 b_3<-mean(SC_non_churn$Total.Night.Minutes)
 diff_SC_Night<-a_3-b_3
 #Evening Minutes
 ------------------------------------------------------------------------------------------
 diff_Evening_m<-c(diff_UT_Evening,diff_WV_Evening,diff_MI_Evening,diff_MO_Evening<-a-b,
 diff_MS_Evening,diff_AL_Evening,diff_FL_Evening,diff_ID_Evening,
 diff_MA_Evening,diff_SC_Evening)
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 Difference_2<-cbind(Difference_1,diff_Evening_m)
 a<-mean(UT_churn$Total.Evening.Minutes)
 b<-mean(UT_non_churn$Total.Evening.Minutes)
 diff_UT_Evening<-a-b
 x<-mean(WV_churn$Total.Evening.Minutes)
 y<-mean(WV_non_churn$Total.Evening.Minutes)
 diff_WV_Evening<-x-y
 p<-mean(MI_churn$Total.Evening.Minutes)
 q<-mean(MI_non_churn$Total.Evening.Minutes)
 diff_MI_Evening<-a-b
 m<-mean(MO_churn$Total.Evening.Minutes)
 n<-mean(MO_non_churn$Total.Evening.Minutes)
 diff_MO_Evening<-m-n
 l<-mean(MS_churn$Total.Evening.Minutes)
 o<-mean(MS_non_churn$Total.Evening.Minutes)
 diff_MS_Evening<-l-o
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 d<-mean(AL_churn$Total.Evening.Minutes,na.rm=TRUE)
 g<-mean(AL_non_churn$Total.Evening.Minutes,na.rm=TRUE)
 diff_AL_Evening<-d-g
 v<-mean(FL_churn$Total.Evening.Minutes)
 y<-mean(FL_non_churn$Total.Evening.Minutes)
 diff_FL_Evening<-v-y
 a_1<-mean(ID_churn$Total.Evening.Minutes)
 b_1<-mean(ID_non_churn$Total.Evening.Minutes)
 diff_ID_Evening<-a_1-b_1
 a_2<-mean(MA_churn$Total.Evening.Minutes,na.rm=TRUE)
 b_2<-mean(MA_non_churn$Total.Evening.Minutes,na.rm=TRUE)
 diff_MA_Evening<-a_2-b_2
 a_3<-mean(SC_churn$Total.Evening.Minutes)
 b_3<-mean(SC_non_churn$Total.Evening.Minutes)
 diff_SC_Evening<-a_3-b_3
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 -----------------------------------------------------------------------------------
 #Day Minutes
 diff_Day_m<-c(diff_UT_Day,diff_WV_Day,diff_MI_Day,diff_MO_Day<-a-b,
 diff_MS_Day,diff_AL_Day,diff_FL_Day,diff_ID_Day,
 diff_MA_Day,diff_SC_Day)
 Difference_3<-cbind(Difference_2,diff_Day_m)
 a<-mean(UT_churn$Total.Day.Minutes)
 b<-mean(UT_non_churn$Total.Day.Minutes)
 diff_UT_Day<-a-b
 x<-mean(WV_churn$Total.Day.Minutes)
 y<-mean(WV_non_churn$Total.Day.Minutes)
 diff_WV_Day<-x-y
 p<-mean(MI_churn$Total.Day.Minutes)
 q<-mean(MI_non_churn$Total.Day.Minutes)
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 diff_MI_Day<-a-b
 m<-mean(MO_churn$Total.Day.Minutes)
 n<-mean(MO_non_churn$Total.Day.Minutes)
 diff_MO_Day<-m-n
 l<-mean(MS_churn$Total.Day.Minutes)
 o<-mean(MS_non_churn$Total.Day.Minutes)
 diff_MS_Day<-l-o
 d<-mean(AL_churn$Total.Day.Minutes,na.rm=TRUE)
 g<-mean(AL_non_churn$Total.Day.Minutes,na.rm=TRUE)
 diff_AL_Day<-d-g
 v<-mean(FL_churn$Total.Day.Minutes)
 y<-mean(FL_non_churn$Total.Day.Minutes)
 diff_FL_Day<-v-y
 a_1<-mean(ID_churn$Total.Day.Minutes)
 b_1<-mean(ID_non_churn$Total.Day.Minutes)
 diff_ID_Day<-a_1-b_1
 a_2<-mean(MA_churn$Total.Day.Minutes,na.rm=TRUE)
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 b_2<-mean(MA_non_churn$Total.Day.Minutes,na.rm=TRUE)
 diff_MA_Day<-a_2-b_2
 a_3<-mean(SC_churn$Total.Day.Minutes)
 b_3<-mean(SC_non_churn$Total.Day.Minutes)
 diff_SC_Day<-a_3-b_3
 #--------------------------------------------------
 #WV Analysis
 WV<-subset(tel,tel$State=="WV")
 WV_churn<-subset(WV,Churn_yes==1)
 WV_non_churn<-subset(WV,Churn_yes==0)
 mean(WV_churn$Total.International.Minutes)
 mean(WV_non_churn$Total.International.Minutes)
 mean(WV_churn$Total.Night.Charge)
 mean(WV_non_churn$Total.Night.Charge)
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 mean(WV_churn$Total.Evening.Charge)
 mean(WV_non_churn$Total.Evening.Charge)
 mean(WV_churn$Total.Day.Charge)
 mean(WV_non_churn$Total.Day.Charge)
 mean(WV_churn$Number.VMail.Messages)
 mean(WV_no_churn$Number.VMail.Messages)
 Model Building :
 setwd("C:/Users/AnuragMukherjee/Desktop/Rass")
 tel<-read.csv("A15008.csv")
 View(tel)
 #data cleaning
 tel$Churn_yes[tel$Churn=="Yes"]<-1
 tel$Churn_yes[tel$Churn=="No"]<-0
 tel$Churn<-NULL
 tel$Vmail_plan[tel$VMail.Plan=="Yes"]<-1
 tel$Vmail_plan[tel$VMail.Plan=="No"]<-0
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 tel$international_plan[tel$International.Plan=="Yes"]<-1
 tel$international_plan[tel$International.Plan=="No"]<-0
 tel$VMail.Plan<-NULL
 tel$International.Plan<-NULL
 tel$Total.Day.Calls<-NULL
 tel$Total.Evening.Calls<-NULL
 tel$Total.Night.Calls<-NULL
 tel$Total.International.Calls<-NULL
 tel$Customer.Service.Calls<-as.numeric(tel$Customer.Service.Calls)
 tel$Number.VMail.Messages<-as.numeric(tel$Number.VMail.Messages)
 tel1<-tel[rowSums(is.na(tel[,3:12]))==0,]
 summary(tel1)
 #99 percentile capping for general customer (non high value) outlier treatment
 boxplot(tel1$Total.Day.Charge,na.rm=TRUE)
 summary(tel1$Total.Day.Charge)
 quantile(tel1$Total.Day.Charge,.99)
 tel1$Total.Day.Charge[tel1$Total.Day.Charge>quantile(tel1$Total.Day.Charge,.99)]<-median(tel1$Total.Day.Charge)
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 boxplot(tel1$Total.Day.Minutes)
 summary(tel1$Total.Day.Minutes)
 quantile(tel1$Total.Day.Minutes,.99)
 tel1$Total.Day.Minutes[tel1$Total.Day.Minutes>quantile(tel1$Total.Day.Minutes,.99)]<-median(tel1$Total.Day.Minutes)
 boxplot(tel1$Total.Evening.Minutes)
 summary(tel1$Total.Evening.Minutes)
 quantile(tel1$Total.Evening.Minutes,.99)
 tel1$Total.Evening.Minutes[tel1$Total.Evening.Minutes>quantile(tel1$Total.Evening.Minutes,.99)]<-median(tel1$Total.Evening.Minutes)
 boxplot(tel1$Total.Evening.Charge)
 summary(tel1$Total.Evening.Charge)
 quantile(tel1$Total.Evening.Charge,.99)
 tel1$Total.Evening.Charge[tel1$Total.Evening.Charge>quantile(tel1$Total.Evening.Charge,.99)]<-median(tel1$Total.Evening.Charge)
 boxplot(tel1$Total.Night.Minutes)
 summary(tel1$Total.Night.Minutes)
 quantile(tel1$Total.Night.Minutes,.99)
 tel1$Total.Night.Minutes[tel1$Total.Night.Minutes>quantile(tel1$Total.Night.Minutes,.99)]<-median(tel1$Total.Night.Minutes)
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 boxplot(tel1$Total.Night.Charge)
 summary(tel1$Total.Night.Charge)
 quantile(tel1$Total.Night.Charge,.99)
 tel1$Total.Night.Charge[tel1$Total.Night.Charge>quantile(tel1$Total.Night.Charge,.99)]<-median(tel1$Total.Night.Charge)
 boxplot(tel1$Total.International.Minutes)
 summary(tel1$Total.International.Minutes)
 quantile(tel1$Total.International.Minutes,.99)
 tel1$Total.International.Minutes[tel1$Total.International.Minutes>quantile(tel1$Total.International.Minutes,.99)]<-median(tel1$Total.International.Minutes)
 boxplot(tel1$Total.International.Charge)
 summary(tel1$Total.International.Charge)
 quantile(tel1$Total.International.Charge,.99)
 tel1$Total.International.Charge[tel1$Total.International.Charge>quantile(tel1$Total.International.Charge,.99)]<-median(tel1$Total.International.Charge)
 boxplot(tel1$Customer.Service.Calls)
 summary(tel1$Customer.Service.Calls)
 quantile(tel1$Customer.Service.Calls,.99)
 tel1$Customer.Service.Calls[tel1$Customer.Service.Calls>quantile(tel1$Customer.Service.Calls,.99)]<-median(tel1$Customer.Service.Calls)
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 boxplot(tel1$Number.VMail.Messages)
 summary(tel1$Number.VMail.Messages)
 quantile(tel1$Number.VMail.Messages,.99)
 tel1$Number.VMail.Messages[tel1$Number.VMail.Messages>quantile(tel1$Number.VMail.Messages,.99)]<-median(tel1$Number.VMail.Messages)
 #course classing
 hist(tel1$Total.Day.Charge)
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge <= 3]<-1
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 3 & tel1$Total.Day.Charge<5]<-2
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 5 & tel1$Total.Day.Charge<8]<-3
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 8 & tel1$Total.Day.Charge<11]<-4
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 11 & tel1$Total.Day.Charge<14]<-5
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 14 & tel1$Total.Day.Charge<18]<-6
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 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 18 & tel1$Total.Day.Charge<24]<-7
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 24 & tel1$Total.Day.Charge<27]<-8
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge >= 27 & tel1$Total.Day.Charge<max(tel1$Total.Day.Charge)]<-9
 ratematrix<-aggregate(tel1$Churn_yes,list(tel1$Total.Day.Charge.cc),FUN=sum)
 #fine classing
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge.cc==3|tel1$Total.Day.Charge.cc==4]<-3
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge.cc==5]<-4
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge.cc==6|tel1$Total.Day.Charge.cc==7]<-5
 tel1$Total.Day.Charge.cc[tel1$Total.Day.Charge.cc==8|tel1$Total.Day.Charge.cc==9]<-6
 tel1$Total.Day.Charge<-NULL
 #course classing
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 hist(Total.Day.Minutes)
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes < 50]<-1
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 50 & tel1$Total.Day.Minutes < 100]<-2
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 100 & tel1$Total.Day.Minutes < 150]<-3
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 150 & tel1$Total.Day.Minutes < 200]<-4
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 200 & tel1$Total.Day.Minutes < 250]<-5
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 250 & tel1$Total.Day.Minutes < 300]<-6
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 300 & tel1$Total.Day.Minutes < 350]<-7
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 350 & tel1$Total.Day.Minutes < 400]<-8
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes >= 400]<-9
 rankmatrix1<-aggregate(tel1$Churn_yes,list(tel1$Total.Day.Minutes.cc),FUN=sum)
 #fine classing
 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes.cc==2|tel1$Total.Day.Minutes.cc==3|tel1$Total.Day.Minutes.cc==4|tel1$Total.Day.Minutes.cc==5]<-2
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 tel1$Total.Day.Minutes.cc[tel1$Total.Day.Minutes.cc==6|tel1$Total.Day.Minutes.cc==7|tel1$Total.Day.Minutes.cc==8]<-3
 tel1$Total.Day.Minutes<-NULL
 #course classing
 hist(tel1$Total.Evening.Minutes)
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes < 50]<-1
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 50 & tel1$Total.Evening.Minutes < 100]<-2
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 100 & tel1$Total.Evening.Minutes < 150]<-3
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 150 & tel1$Total.Evening.Minutes < 200]<-4
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 200 & tel1$Total.Evening.Minutes < 250]<-5
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 250 & tel1$Total.Evening.Minutes < 300]<-6
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 300 & tel1$Total.Evening.Minutes < 350]<-7
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 350 & tel1$Total.Evening.Minutes < 400]<-8
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes >= 400]<-9
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 rankmatrix2<-aggregate(tel1$Churn_yes,list(tel1$Total.Evening.Minutes.cc),FUN=sum)
 #fine classing
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes.cc==2|tel1$Total.Evening.Minutes.cc==3|tel1$Total.Evening.Minutes.cc==4|tel1$Total.Evening.Minutes.cc==5]<-2
 tel1$Total.Evening.Minutes.cc[tel1$Total.Evening.Minutes.cc==6|tel1$Total.Evening.Minutes.cc==7|tel1$Total.Evening.Minutes.cc==8]<-3
 tel1$Total.Evening.Minutes<-NULL
 #course classing
 hist(tel1$Total.Evening.Charge)
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge < 2]<-1
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 2 & tel1$Total.Evening.Charge < 4]<-2
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 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 4 & tel1$Total.Evening.Charge < 6]<-3
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 6 & tel1$Total.Evening.Charge < 8]<-4
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 8 & tel1$Total.Evening.Charge < 10]<-5
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 10 & tel1$Total.Evening.Charge < 12]<-6
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 12 & tel1$Total.Evening.Charge < 14]<-7
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge >= 14]<-8
 rankmatrix4<-aggregate(tel1$Churn_yes,list(tel1$Total.Evening.Charge.cc),FUN=sum)
 #fine classing
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge.cc==2|tel1$Total.Evening.Charge.cc==3]<-2
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge.cc==4]<-3
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge.cc==5]<-4
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge.cc==6]<-5
 tel1$Total.Evening.Charge.cc[tel1$Total.Evening.Charge.cc==7|tel1$Total.Evening.Charge.cc==8]<-6
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 tel1$Total.Evening.Charge<-NULL
 #course classing
 hist(tel1$Total.Night.Minutes)
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes < 50]<-1
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 50 & tel1$Total.Night.Minutes < 100]<-2
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 100 & tel1$Total.Night.Minutes < 150]<-3
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 150 & tel1$Total.Night.Minutes < 200]<-4
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 200 & tel1$Total.Night.Minutes < 250]<-5
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 250 & tel1$Total.Night.Minutes < 300]<-6
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 300 & tel1$Total.Night.Minutes < 350]<-7
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 350 & tel1$Total.Night.Minutes < 400]<-8
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >= 400 & tel1$Total.Night.Minutes < 500]<-9
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 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes >=500]<-10
 rankmatrix5<-aggregate(tel1$Churn_yes,list(tel1$Total.Night.Minutes.cc),FUN=sum)
 #fine classing
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes.cc==1|tel1$Total.Night.Minutes.cc==2]<-1
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes.cc==3|tel1$Total.Night.Minutes.cc==4]<-2
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes.cc==5]<-3
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes.cc==6|tel1$Total.Night.Minutes.cc==7]<-4
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes.cc==8|tel1$Total.Night.Minutes.cc==9]<-5
 tel1$Total.Night.Minutes.cc[tel1$Total.Night.Minutes.cc==10]<-6
 tel1$Total.Night.Minutes<-NULL
 #course classing
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 hist(tel1$Total.Night.Charge)
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge < 1]<-1
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 3 & tel1$Total.Night.Charge < 4]<-2
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 2 & tel1$Total.Night.Charge < 3]<-3
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 3 & tel1$Total.Night.Charge < 4]<-4
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 4 & tel1$Total.Night.Charge < 5]<-5
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 5 & tel1$Total.Night.Charge < 6]<-6
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 6 & tel1$Total.Night.Charge < 7]<-7
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 7 & tel1$Total.Night.Charge < 8]<-8
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 8 & tel1$Total.Night.Charge < 9]<-9
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge >= 9]<-10
 rankmatrix6<-aggregate(tel1$Churn_yes,list(tel1$Total.Night.Charge.cc),FUN=sum)
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 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge.cc==3|tel1$Total.Night.Charge.cc==4]<-3
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge.cc==5]<-4
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge.cc==6|tel1$Total.Night.Charge.cc==7]<-5
 tel1$Total.Night.Charge.cc[tel1$Total.Night.Charge.cc==8|tel1$Total.Night.Charge.cc==9||tel1$Total.Night.Charge.cc==10]<-6
 tel1$Total.Night.Charge<-NULL
 #course classing
 hist(tel1$Total.International.Minutes)
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes < 50]<-1
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 50 & tel1$Total.International.Minutes < 100]<-2
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 100 & tel1$Total.International.Minutes < 150]<-3
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 150 & tel1$Total.International.Minutes < 200]<-4
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 200 & tel1$Total.International.Minutes < 250]<-5
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 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 250 & tel1$Total.International.Minutes < 300]<-6
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 300 & tel1$Total.International.Minutes < 350]<-7
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 350 & tel1$Total.International.Minutes < 400]<-8
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >= 400 & tel1$Total.International.Minutes < 500]<-9
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes >=500]<-10
 rankmatrix8<-aggregate(tel1$Churn_yes,list(tel1$Total.International.Minutes.cc),FUN=sum)
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes.cc==1|tel1$Total.International.Minutes.cc==5|tel1$Total.International.Minutes.cc==6|tel1$Total.International.Minutes.cc==7||tel1$Total.International.Minutes.cc==9]<-1
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes.cc==3|tel1$Total.International.Minutes.cc==4]<-3
 tel1$Total.International.Minutes.cc[tel1$Total.International.Minutes.cc==8|tel1$Total.International.Minutes.cc==10]<-4
 tel1$Total.International.Minutes<-NULL
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 #course classing
 hist(tel1$Total.International.Charge)
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge < 20]<-1
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >= 20 & tel1$Total.International.Charge < 40]<-2
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >= 40 & tel1$Total.International.Charge < 60]<-3
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >= 60 & tel1$Total.International.Charge < 80]<-4
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >= 80 & tel1$Total.International.Charge < 100]<-5
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >= 100 & tel1$Total.International.Charge < 120]<-6
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >= 120 & tel1$Total.International.Charge < 140]<-7
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge >=140]<-8
 rankmatrix9<-aggregate(tel1$Churn_yes,list(tel1$Total.International.Charge.cc),FUN=sum)
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge.cc==1|tel1$Total.International.Charge.cc==4]<-1
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 tel1$Total.International.Charge.cc[tel1$Total.International.Charge.cc==5|tel1$Total.International.Charge.cc==6|tel1$Total.International.Charge.cc==7]<-4
 tel1$Total.International.Charge.cc[tel1$Total.International.Charge.cc==8]<-5
 tel1$Total.International.Charge<-NULL
 m<-glm(tel1$Churn_yes~Vmail_plan+international_plan+Total.Day.Charge.cc+Total.Day.Minutes.cc+Total.Evening.Minutes.cc+Total.Evening.Charge.cc+Total.Night.Minutes.cc+Total.Night.Charge.cc+Total.International.Minutes.cc+Total.International.Charge.cc)
 summary(m)
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