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ABSTRACT 

 

In t he co mpetiti ve banking i ndustry,  knowi ng t he cust omer  st at us  and t heir  i nt erest  creat es  an 

i mportant  aspect  i n business  conti nuit y t o pr ovi de appr opriate servi ce f or cust omers  as  per  t he 

de mand and devel op strat egi es  f or  cl assified  sel ect ed gr oup  cust omers.  Currentl y t here are 

varieous  cl assificati on met hods  used f or  predi cti on of  bank cust omers  with different  predi cti on 

accuracy l evels.  To co mpare t he accuracy of  cl assificati on and Predi cti on of  t he al gorit hms  f or 

bank cust omers  ense mbl e predi cti on met hods and t o i dentify t he preferabl e met hod.  To 

det er mi ne bank cust omer  cl assificati on and predicti on bank cust omer  data collected from UCI 

and we  expl ore t he dat a first  t o i mpr ove t he quality of  dat a set  usi ng vari ous  dat a expl orati on 

met hods.  Aft er  doi ng so usi ng XGB ense mbl e methods  we   perfor m a  co mparati ve st udy agai nst 

ot her  existi ng met hods.  In our  st udy  Support  Vect or  Machi ne ( SVM),   Ense mbl e Machi ne 

Learni ng ( EML),  Logistic regressi on ( LR),   XGB cl assifier,   Rando mforest  ( RF)  have been 

compared . Our  st udy proved t hat  t he use of  the XGBoost  ense mbl e met hod i mpr oves  t he 

accuracy i ncreased from 74. 94 % by 5 % wi n XGBboost when  tested usi ng pyt hon 3. 6. 5.  

 

Key Words and Phrases:Support Vect or Machi ne (SVM), Ense mbl e Machine Learni ng 

( EML), Logistic regressi on ( LR), XGB cl assifier, Randomf orest ( RF)  

 

 

 

 

 

 

 



 Page vi 

     

TABLE OF CONTENT 

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  v 

TABLE OF CONTENT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  vi 

LI ST OF ACRONYMS  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  viii 

LI ST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  ix 

LI ST OF FI GURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  x 

CHAPTER ONE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  1 

I NTRODUCTI ON . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  1 

1. 1 BACKGROUND ............................................... 1 

1. 2 STATE MENT  OF THE PROBLE M ................................... 2 

1. 3 OBJ ECTI VE ................................................. 3 

1. 4 SCOPE AND LI MI TATI ON ........................................ 3 

1. 5 METHODOLOGY.............................................. 3 

1. 6 SI GNI FI CANCE OF THE STUDY .................................... 7 

1. 7 THESI S ORGANI ZATI ON ........................................ 8 

CHAPTER TWO . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  9 

LI TERATURE REVI EW . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  9 

2. 1. LI TERATURE REVI E W DI SCUSSI ON ................................ 9 

2. 2 ENSE MBLE  LEARNI NG METHODS ................................ 12 

2. 2. 1 TYPES OF ENSE MBLE ALGORI THMS ........................... 13 

2. 2. 1. 1 BAGGI NG .............................................. 13 

2. 2. 1. 2 BOOSTI NG .............................................. 14 

2. 2. 2 CUSTOMER CLASSI FI CATI ON ................................ 15 

2. 2. 3 APPLI ED METHODOLOGI ES .................................. 16 

2. 2. 3. 1 LOGI STI C REGRESSI ON ..................................... 16 

2. 2. 3. 2 SUPPORT   VECTOR MACHI NE ( SVM)  ........................... 17 

2. 2. 3. 3 RANDOM FOREST ........................................ 18 

2. 2. 3. 4 XGBOOST .............................................. 18 

CHAPTER THREE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  21 

METHODOLOGY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  21 

3. 1 ARCHI TECTURE OF THE DESI GNED PROPOSED PREDI CTI ON MODEL ...... 21 

3. 2 DATA PREPROCESSI NG ...................................... 23 



 Page vii 

     

3. 2. 1 Bank Dat a Set............................................. 24 

3. 2. 2 Nor mal zat on ............................................. 25 

3. 3 EXPERI MENTAL METHODS ................................... 25 

3. 3. 1  Data set revi ew .............................................. 25 

3. 4 MODEL  EVALUATI ON ........................................ 26 

3. 4. 1 Precisi on ................................................. 27 

3. 4. 2  Recall ..................................................... 27 

3. 4. 3  F measure( F1 score) ............................................. 28 

3. 4. 4 Area under ROC curve( AUC) ....................................... 28 

CHAPTER FOUR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  29 

EXPERI MENTAL RESULTS AND   DISCUSSI ON. . . . . . . . . . . . . . . . . . . . . . . . . . . . .  29 

4. 1 I NTRODUCTI ON ............................................. 29 

4. 2 EXPERI MENTAL RESULTS  AND ANALYSI S .......................... 29 

4. 2. 1 The experi ment al result using Logistic Regressi on ( LR) ................... 43 

4. 2. 1. 1 Logistic regressi on usi ng pri mal predi cti on ........................... 43 

4. 2. 1. 2 Logistic regressi on wit h poly 2 predi cti on ............................ 44 

4. 2. 2 Support Vect or Machi ne (SVM) Experi ment al result ..................... 44 

4. 2. 2. 1 SVM wit h RBF kernel ....................................... 44 

4. 2. 2. 2 SVM wit h Pl oy kernel ........................................ 45 

4. 2. 3 The experi ment al result using Rando m Forest Cl assifier ................... 45 

4. 2. 4 Experi ment al result usi ng XGB Cl assifier ............................ 46 

4. 3 DI SCUSSI ON OF THE RESULT .................................... 46 

4. 1 Test model predi cti on accuracy on test data ............................... 47 

CHAPTER FI VE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  49 

CONCLUSI ON AND RECOMMENDATI ON . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  49 

5. 1 CONCLUSI ON ............................................... 49 

5. 2 RECOMMENDATI ON&FUTURE WORKS ............................. 50 

REFERENCE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  51 

ANNEXERS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  53 

 

 

  



 Page viii 

     

LI ST OF ACRONYMS  

 

ANN                             Artificial Neural Net wor k 

AUC   Ar ea Under The Cur ve 

BAGGI NG                    Boot strap Aggregati on 

CRI SP- DM                  Cross Industry St andard Procedure for Dat a Mi ni ng 

CRM                             Cust omer Rel ati on Manage ment  

CSV                              Co mma Separat ed Val ue(s) 

CV                                Cross Vali dati on 

DF                                Dat a  Fra me 

DT                                Decisi on Tree 

E ML                             Ense mbl e Machi ne Learning 

E ML                             Ense mbl e Machi ne Learning 

FN                                 False Negati ve 

FP                                 False Positi ve 

GSCV                          Grid Search Cr oss- Vali dation 

KNN                            K-Nearest Nei ghbor 

LBFGS                         Li mit ed- me mor y Br oyden-- Fl et cher -- Gol dfarb-- Shanno Al gorit hm:  

LSVM                          Linear Support Vect or Machi ne 

ML                              Machi ne Learni ng 

ML                              Machi ne Learni ng 

NN                              Neural Net wor k 

RBF                            Gaussian radi al basis function  

RF                               Rando m Forest 

ROC   Recei ver Operati ng Charact eristics 

SAG                             Stochastic Average Gradi ent: 

SVM                            Support Vect or Machi ne 

TP                                True Positi ve 

 



 Page ix 

     

 

LI ST OF TABLES 

 

Tabl e 1:- Perfor mance for bank mar keti ng response predicti on . . . . . . . . . . . . . . . . . . . . .  11 

Tabl e 2:- Pot ential bank cust omer  feat ure variables stat us . . . . . . . . . . . . . . . . . . . . . . . .  25 

Tabl e 3:- Pot ential bank cust omer dat aset feat ure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  24 

Tabl e 4:- Dat a set  Dat a fra me . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  31 

Tabl e 5:- Cust omer bal ance and yearl y i ncome ratio, tenure and age, no of transacti on wit h age

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  34 

Tabl e 6:- Additi onal trained feat ure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  34 

Tabl e 8:- Accuracy Results for l ogistic regressi on usi ng pri mal predi ction . . . . . . . . . . . . .  44 

Tabl e 9:- Accuracy Results for l ogistic regressi on usi ng pol y 2 predicti on . . . . . . . . . . . . . .  44 

Tabl e 10:- Accuracy Results for SVM RBF kernel  . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  45 

Tabl e 11:- Accuracy Results for SVM Pol y  kernel . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  45 

Tabl e 12 :- Accuracy Results for l ogistic regressi on usi ng pol y 2 predicti on . . . . . . . . . . . . .  45 

Tabl e 13:- Accuracy Results for l ogistic regressi on usi ng pol y 2 predicti on . . . . . . . . . . . . .  46 

Tabl e 14:- model predi ction Accuracy result. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  48 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 Page x 

     

LI ST OF FI GURES 

 

Fi gure 1. Architect ure  ense mbl e potential bank cust omer predicti on . . . . . . . . . . . . . . . . .  31 

Fi gure 2. Uni que count for each attri but e variabl es . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  29 

Fi gure 3. Pot ential cust omer and non pot ential cust omers . . . . . . . . . . . . . . . . . . . . . . . .  31 

Fi gure 4. The ' Stat us'  relation wit h categorical variabl es . . . . . . . . . . . . . . . . . . . . . . . . .  32 

Fi gure 5. Rel ati ons based on t he conti nuous dat a attri butes . . . . . . . . . . . . . . . . . . . . . . .  33 

Fi gure 6. Trai ni ng ROC curve . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  41 

Fi gure 7. Trai ni ng result of bal ance and i ncre mental rati o and Age and tenure . . . . . . . . . . .  35 

Fi gure 8. Model comparison for all used models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  47 

Fi gure 9. ROC of all  models i n t he trai ni ng . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  54 

Fi gure 10. ROC curve of Rando m forest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  48 

Fi gure 11. Fi nal ROC curve in test dat a . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  56 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 Page xi 

     

 

 

 

 

 

 

 



 Page 1 

 

CHAPTER ONE 

I NTRODUCTI ON 

1. 1 BACKGROUND 

For  pr ofit  maxi mi zati on of  bank sect or  t he key pi llars are appl yi ng controllabl e expense,  servi ce 

pr ovi di ng efficiency i mpr ove ment  and havi ng good strategy.  To be excelli ng i n ser vi ce 

pr ovi di ng,  banki ng sect ors need t o know and mani pul ate t he dat a of  custo mers,  Bank cust omers 

shoul d be monit ored and managed by appr opri ate correcti ve measures   mostl y t hat  coul d be 

taken by Cust omer  Rel ationshi p Manage ment.  The banki ng servi ce pr ofits are al ways  directl y 

related t he servi ce excellence and pr oduct  varieties  of  banki ng servi ce i n or der  t o  Cr eati ng and 

i mpl e menti ng comprehensi ve models of cust omer profiles. [1] 

St udyi ng t he cust omer cl assificati on and predi cti on t echni ques  f or bank cust omers  and 

identifyi ng t he effecti ve techni ques  are based on the different  metrics  li ke accuracy,  error  rat e, 

recall,  specificit y and ot hers  will  be useful  for  t he banks  t o desi gn t he pr omoti on strategy f or  t he 

ne w pr oduct  i n particul ar and f or  t he existi ng pr oducts  i n general.  Predi ction of  whi ch cust omer 

gr oup will  use f or  t he new pr oducts  based on t he previ ous  hi st orical  dat a.  Fr om our  experi ment, 

we  were abl e t o i dentify t he best  cl assificati on and predi cti on t echni ques f or  t he bank dat a set 

based on  efficiency.  Banki ng i ndustries  have  more cust omers  and di stri buted branches;  whi ch i s 

a large number t o predict wit hout t he applicati on of machi ne learni ng.  

Hence cust omer  predi ction and cl assificati on shall  be applied by custo mers  usi ng vari ous 

predi ction met hodol ogi es  whi ch yi el ds  difference predi cti on accuracy[2][3]. Appl yi ng a si ngl e 

met hodol ogy i s  pr one t o bi as  and  over  fitting.  Now days  t o i mpr ove t he accuracy of  predi cti on 

appl yi ng ense mbl e t echnique pr ovi de val uabl e i mpr ove ment  f or  t he cust omer  predi cti on [ 4][5]. 

In t his  st udy we  have devel oped ne w ense mbl e t echni ques  t o predicti ng cust omer  usi ng 

Ense mbl e machi ne learning techni que.   
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1. 2 STATE MENT  OF THE PROBLE M 

Cust omer  behavi or  i s   one  t he treasures  f or  modern di gital  Banki ng Pr ofessi onals[5].  Wi t h t hi s 

ne wf ound i nfor mati on,  the bankers  can expl ore the uni que traits and habits of  each cust omer 

‘ ‘bucket,’ ’ noti ng where,  when,  and why deposit  or  wit hdrawal  occurs, Whi ch gr oup mostl y used 

whi ch servi ces  of  t he bank and t he li ke.  Banker’s insi ghts  mi ght  even pr ovide t he basis t o part ner 

or  co mpet e wit h ot her  banki ng and fi nancial  sect ors or  do mai ns  t hat  serve as  nat ural  magnets  f or 

a portion of t he target user base[6]. 

To gai n a  vi si on of  t he cust omers  who are using,   how cust omers  are vi e wi ng,i n onli ne and 

respondi ng,  we  (t he bankers)  can co mpare t heir  acti vities  and i nt erests  agai nst  t he acti vities  of 

the general  public.  We  were abl e t o a predi cti ve,  t wo- way Banker-cust omer  rel ati onshi p. As  per 

Har vard Busi ness  Revi ew [ 21]  obt ai ni ng a  ne w cust omer  f or  a  co mpany is multi ple ti mes  mor e 

expensi ve t han recalli ng a current  one.  Accor di ngly,  nowadays  most  of  t he fi nancial  i nstit uti ons 

are concerned wit h cust omer  ret enti on st udi es  t o prevent  l osi ng t heir  arcade share and maxi mi ze 

their  gai ned pr ofit  from existi ng cust omers. Apropriate cust omer  cl assificati on and predi cti on 

techni que supports  a l ot  for  gudi ng pr oper  ret ati on mechanis ms   by enabl ing cust omer  ser vi ce 

managers t o know and understand t heir cust omer.   

Even t hough different  researchers  st udy cust omer  cl assification and predi cti on usi ng vari ous 

cl assificati on and predicti on t echni ques  t he result  of  predi cti on and cl assificati on accuracy 

depends  on t he al gorit hms  applied,  hence i n t his st udy bank cust omers   dat aset  predi ct ed  usi ng 

ense mbl e t echni que usi ng pyt hon pr ogra mmi ng to co mpare t he accuracy of  t he cl assificati on  

and predi cti on.  By usi ng t he bank sect or  dat aset, we  i dentified Pot ential  cust omers  t o i dentify 

and act  accordi ngl y f or  cust omers  and t o devise the best  mechanis m.  I n t he areas  of  banki ng and 

fi nancial  sect ors,  handli ng t he cust omer’s  behavi or  and acti vities  has  become  a  cr uci al  chall enge 

for  deci di ng on t he potential  busi ness  needs  hence Ense mbl e met hods  ( EMs)   appli ed t o t o 

maxi mi zes  cl assificati on and predi cti on  accuracy and t o mi ni mi ze the  cl assificati on and 

predi ction error  si nce varieous  reaserch wor ks   confir med t hat  t he applicati on of  ense mbl e 

met hod shows  a  positi veimpact  on cl assificati on[7][4][8]  due t o t his  appl aying ense mbl e met hod 

is opti mal. 
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1. 3 OBJ ECTI VE 

 

The general and specific obj ecti ves of t his st udy are gi ven bel ow:  

 

Ge neral  Objecti ve: The general  obj ecti ve of  t his r esearch i s   t o Cl assify and predi ct  pot ential 

bank cust omers  usi ng t he Ense mbl e machi ne l earni ng met hod t o co mpare t he cl assificati on and 

predi ction accuracy of six ense mbl e al gorithms.  

 

Specific Objecti ves: the specific objecti ves of t his study are t o: 

 St at e and expl oret  t he vari ous  ense mbl e cl assification t echni ques  f or  bank cust omer 

predi ction and classification 

 Pr opose better  suited ense mbl e cl assificati on t echni ques  suited  f or  bank cust omer 

predi ction and classification 

 

 

1. 4 SCOPE AND LI MI TATI ON 

 

The scope f or  t his  paper  is t o st udy and co mpare logistic regressi on i n t he pri mal  space( PS)  and 

wi t h different  kernels, SVM i n t he pri mal  and wit h different  Kernels,  Rando m f orest 

cl assificati on and XGB Ense mbl e models  f or  pot ential  bank cust omer  predi ction t o fi nd and 

compare accuracy,  precessi on and error  rat e usi ng onli ne availabl e  bank cust omer  dat aset. This 

reaserch i s  li mited f or  onl y t he onli ne availabl e tel e mar keti ng  bank dat a and it  can not  be  used 

for ot her bank cust omers. 

 

1. 5 METHODOLOGY 

 

An i mport ant  part  when wor ki ng wit h cust omer cl assificati on usi ng an ense mbl e t echni que i s 

getti ng hol d of  good qualit y dat a,  whi ch i s  difficult  i n t he case of  bank dat a due t o cust omer 

pri vacy,  bank cust omer  dat at  is  most  sensiti ve and secured and mostl y the cust omer  dat a onl y 

used f or  t he bank dat a mani pul ati on consumption .  The dat asets used f or  conducti ng t he 
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experi ments  downl oaded f or m onli ne UCI  dat a .  In t he st udy,  We  have appli ed  SVM,  RF,  LR  

and XGB cl assifiers  for cl assification and prediction i n different  scenarios  f or  trai ni ng and 

testi ng dat a t o realize t he accuracy results .  Fi nally after   trai ng 80 % of  t he dat a set   we  f ound bet 

model  t o t est  are RF and XGB where as  while t esti ng t he dat aset  t he best  i n cl assificati on 

accuracy is XGB cl assifier.  

 I mpl e ment ati on  t ools:-  In or der  t o achi eve our obj ecti ve,  we  used different  environ ment s  and 

tools.  Pyt hon pr ogra mming l anguage i s  used t o devel op t he model.  It  i s an i nt erpret er  article 

arranged abnor mal  st ate pr ogra mmi ng l anguage wit h dyna mi c se mantics.  Its  abnor mal  st at e 

wor ked i n dat a struct ures,  combi ned wit h dynami c co mposi ng and dyna mi c official;  make it 

appeali ng f or  Rapi d Applicati on Devel opment,  j ust  as  f or  use as  a  scri pti ng or  gl ue l anguage t o 

interface existi ng segments toget her[9]. 

Pyt hon is an i nterpreted, hi gh-level, general-purpose progra mmi ng l anguage,  Creat ed by Gui do 

van Rossum and first  released i n 1991.  Pyt hon is dyna mi call y t yped and garbage-collect ed.  It 

supports multi pl e programmi ng paradi gms,  i ncl udi ng procedural,  obj ect-orient ed,  and functi onal 

pr ogra mmi ng.  Pyt hon i s r egul arl y depi ct ed as  a "batteries  i ncl uded"  l anguage because of  its 

compl et e standard li brary[9].  

 

The mai n ai ms.  The first,  i s  t o i dentify and vi sualize t he fact ors  t hat  contri bute t o bei ng a 

pot ential  bank cust omer  and t he second i s  t o bui ld a predi cti on model  whi ch will  cl assify if  a 

cust omer  i s  a  pot ential  cust omer  or  not.  In addition t o t his  based on t he model  perfor mance and 

the pr obability t o make easy f or  cust omer  servi ce manage ment  t o f ocus  on the acti ons  t hat  can be 

won or  obt ai ned wit h little effort  i n t heir  effort  t o keep t he cust omers  pot ential  and t o pr ot ect  t he 

tendency of ot her cust omers who are not potential. 

The t wo mai n t asks  t hat  we  have done here are expl ori ng t he struct ure of  our  dat a,  t o underst and 

the i nput  space of  t he data set  and t o prepare t he sets  f or  expl orat ory and prediction t asks.  To do 

so t he f oll owi ng t asks  have been done usi ng pyt hon.  Firstl y,  t he i mport ant modul es  and li brari es 

of  pyt hon have been configured and i mport ed f or our  wor k t o cal cul ate mat he matical  t asks  and 

to draw a  graph as  per  our  need.  The maj or  li braries  t hat  we  have been used f or  t he  experi ment 

whi ch i ncl udes panda, Nu mpy, Met apl ot and ot hers [10]. 

https://en.wikipedia.org/wiki/Interpreted_language
https://en.wikipedia.org/wiki/High-level_programming_language
https://en.wikipedia.org/wiki/General-purpose_programming_language
https://en.wikipedia.org/wiki/Programming_language
https://en.wikipedia.org/wiki/Guido_van_Rossum
https://en.wikipedia.org/wiki/Guido_van_Rossum
https://en.wikipedia.org/wiki/Dynamic_programming_language
https://en.wikipedia.org/wiki/Garbage_collection_(computer_science)
https://en.wikipedia.org/wiki/Programming_paradigm
https://en.wikipedia.org/wiki/Procedural_programming
https://en.wikipedia.org/wiki/Functional_programming
https://en.wikipedia.org/wiki/Functional_programming
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Panda:-   it  i s  a  Pyt hon Dat a Anal ysis  Li brary whi ch i s  quite a  ga me  changer  t o anal yzi ng dat a 

wi t h Pyt hon andt he most preferred and wi del y used t ools i n dat a mungi ng/wr angli ng.  

Nu mPy: - Nu mPy i s  t he funda ment al  package f or  scientific co mputi ng with Pyt hon,  It  cont ai ns  a 

powerful  N- di mensi onal  array obj ect.  Nu mPy i s  a li brary f or  t he Pyt hon progra mmi ng l anguage, 

addi ng support  for  l arge,  multi-di mensi onal  arrays  and matrices,  al ong with a  l arge collecti on of 

hi gh-level  mat he matical f uncti ons  t o operat e on t hese arrays.  It  provides  fast  and effici ent 

operati ons  on arrays  of  ho mogeneous  dat a hence i t   ext ends  pyt hon i nt o a high-level  l anguage f or 

mani pul ati ng numeri cal dat a.  

Mat pl ot. pypl ot:  -  i s  a collecti on of  co mmand styl e f uncti ons  t hat  make mat pl otli b wor k li ke 

MATLAB.  Each pl ot  functi on makes  some change t o a fi gure:  e. g.,  creates  a fi gure,  creat es  a 

pl otti ng area in a fi gure, pl ots some li nes i n a pl otting area, decorat es t he plot wit h labels, etc.  

Seaborn: - is a Pyt hon dat a vi sualizati on li brary based on mat pl otli b.  It pr ovi des  a hi gh-l evel 

interface for drawi ng attracti ve and i nfor mati ve statistical graphi cs.  

Mat pl otli b:  -   i s  a  pl otting li brary f or  t he Python pr ogra mmi ng l anguage and its  nu meri cal 

mat he matics  ext ensi on Nu mPy.  It  pr ovi des  an obj ect-orient ed API  f or  e mbeddi ng pl ots  i nt o 

applications usi ng general-purpose GUI t ool kits like Tki nt er 

Skl earn. preprocessi ng:- t he transfor mati ons  applied t o your  dat a before feedi ng it  t o t he 

al gorithm.  sci-kit-learn library has  a pre-built  functi onalit y under  skl earn.preprocessi ng.  Sci kit-

learn i s  machi ne l earni ng li brary f or  t he Pyt hon pr ogra mmi ng l anguage whi ch used f or  t he 

application of  cl assification,  regressi on and clust eri ng al gorithms  i ncludi ng support  vect or 

machi nes,  rando m f orests,  gradi ent  boosti ng,  k-means  and i s  desi gned to i nt eroperate wit h t he 

Pyt hon numeri cal and scientific libraries Nu mPy and Sci Py.  

I mport  pol yno mi al  features:  -  Generat e a new f eat ure matri x consisting of  all  pol yno mi al 

combi nati ons of t he feat ures wit h degree less t han or equal t o t he 
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Skl earn. model _sel ecti on: - Model  sel ecti on i s  t he pr ocess  of  choosi ng between different  machi ne 

learni ng appr oaches  li ke SVM,  l ogistic regressi onor  choosi ng bet ween different  hyperpara met ers 

or sets of feat ures for t he sa me machi ne learni ng appr oach 

I mport  cross_val _score:-  Cr oss-vali dati on i s  an i mport ant  t echni que often used i n machi ne 

learni ng t o assess  bot h the variability of  a  dat aset  and t he reliability of  any model  trai ned usi ng 

that  dat a.It  di vi des  t he dat aset  i nt o some  nu mber  of  subsets  (f ol ds),  buil ds  a model  on each f ol d, 

and t hen ret urns  a set  of accuracy st atistics  f or  each f ol d.  By co mpari ng the accuracy st atistics 

for  all  t he f ol ds,  you can interpret  t he qualit y of  t he dat a set  and understand whet her  t he model  i s 

suscepti ble t o variati ons  in t he dat a. Cr oss-vali dat e al so ret urns  predi cted results and pr obabilities 

for t he dat aset, so t hat you can assess t he reliability of t he predicti ons.  

Skl earn. model _sel ecti on: -  enabl es  us  t o i mport   gri dsearchCVmodul e whi ch used t o  Fi nd 

Para met ers  Pr oduci ng t he Hi ghest  Score.  No w we are ready t o conduct  t he gri d search usi ng sci -

kit-learn' s Gri dSearchCV whi ch st ands  f or  grid search cr oss-vali dation. By default,  t he 

Gri dSearchCV ' s  cross-vali dati on uses  3-fol d KFol d or  StratifiedKFold dependi ng on t he 

sit uati on.  Gri dSearchCV i mpl e ments  a  ‘ ‘fit’ ’ method and a  ‘ ‘predi ct’ ’ method li ke any cl assifier 

except t hat the para met ers of t he classifier used t o predi ct is opti mi zed by cross-vali dati on.  

 

Sci py. state:-Sci Py buil ds  on t he Nu mPy array obj ect  and i s  part  of  t he Nu mPy st ack whi ch 

incl udes  t ools  li ke Mat plotli b,  pandas,  and Sy mPy,  and an expandi ng set  of  sci entific co mputi ng 

libraries. [11] 

 

Pyt hon fit  models:-  i ncl udi ng Skl earn.li near_model   f or  I mporti ng  logistic regressi on and 

Skl earn. svm for i mporti ng SVM modul es.[9] 

 

Skl earn. ense mbl e:-  The goal  of  ense mbl e met hods  i s  t o co mbi ne t he predictions  of  several  base 

esti mat ors  built  wit h a given l earni ng al gorit hm i n or der  t o i mpr ove generalizability /  r obust ness 

over a si ngle esti mat or. 

 

Rando mForest Cl assifier:-   enabl es  t o i mport  skl earn. ense mbl e. Rando mForest Cl assifier. A 

random f orest  is  a  met a esti mat or  t hat  fits  a nu mber  of  decisi on tree cl assifiers  on vari ous  sub-

https://scikit-learn.org/stable/modules/classes.html#module-sklearn.ensemble
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sa mpl es  of  t he dat aset  and uses  averagi ng t o i mpr ove t he predi cti ve accuracy and control  over-

fitting.  The sub-sa mpl e size i s  al ways  t he sa me as t he ori gi nal  i nput  sa mpl e si ze but  t he sa mpl es 

are drawn wit h a repl acement if bootstrap=Tr ue (default). 

 

Xgboost:-  used t o i mport  I mport XGBcl assifier By Jason Br ownl ee on August  17,  2016 

in XGBoost. XGBoost is an al gorithm t hat  has r ecentl y been do mi nating applied machi ne 

learni ng f or  struct ured or  t abul ar  dat a. XGBoost is an i mpl e ment ati on of  gradi ent  boost ed 

decisi on trees desi gned for speed and perfor mance.  

Pyt hon scori ng f unctions:-  i ncl udes   Sklearn. metrics  t o i mport   accuracy_score, 

cl assificati on_report,  ROC_auc_score and  I mport  roc_curve .  Scori ng is also called predi cti on 

and i s  t he pr ocess  of  generati ng val ues  based on a  t rai ned machi ne l earning model,  gi ven so me 

ne w i nput  dat a.  The val ues  or scores  t hat  are created can represent  predi ctions  of  f ut ure val ues, 

but t hey mi ght also represent a likel y category or out come.  

Best  Model  sel ecti on f uncti ons:-  i ncl udes  Model. best _score, Model. best _para ms_, 

Model. best _esti mat or_ modul es  

1. 6 SI GNI FI CANCE OF THE STUDY 

 

Bank cust omer  cl assificati on and predi cti on using ense mbl e met hod highl y  si gnificant  f or 

banki ng sect ors  t o i dentify pot ential  cust omer’s  classification and predi cti on. The  I mpl e ment ati on 

of  LR,  SVM,  RF and XGB cl assifier  for  researchers  owi ng t o ext end t he st udy wit h al gorit hmi c 

adopti on t o i ncrease accuracy f urt her  t o ease t he i dentificati on of  pot ential  cust omer  f or  t he 

bank/ CRM t o assist service provi di ng efficiency  and t o i ncorporat e while devel opi ng  strategi es. 

 

In t his  st udy Logistic regressi on wit h pri mal  and degree 2 para met ers,  SVM wi t h RBF and pol y 

kernel,  Rando m f orest  and XGB cl assifier  st udied and co mpared f or  potential  bank cust omer 

predi ction t o i ncrease the  accuracy by appl yi ng ense mbl e t echni que.  Identifyi ng pot ential 

cust omer  i s  a very critical  t ask f or  t he or gani zati on conti nuit y i n general  and f or  CRM i n 

particul ar[7].  Tr yi ng t o i dentify cust omers  literally mi ght  result  i n a co mpl et el y i ncorrect 

anal ysis  of  t he dat a.  Therefore,  Ense mbl e cl assificati on can hel p t o i mpr ove pot ential  cust omer 
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cl assificati ons  and hel p to pr ovi de bank benefit  packages   accordi ngl y and t o t hreat  t hose ot her 

cust omers wit h vari ous negotiati ng mechanis ms.  

 

It  i s  cl ear  t hat  ne w custo mers  can be  much costlier  t han ret ai ni ng existing ones  accor di ng t o 

Har vard Busi ness  Revi ew .  A pot ential  cust omer may wort h as  Milli ons  of  Birr  i n f ut ure.  Thus 

results of  t his  st udy can be used as  an i nput  t o t he devel opment  of  bank cust omer  cl assificati on 

for different purposes while provi di ng l oan and launchi ng ne w products. 

 

1. 7 THESI S ORGANI ZATI ON 

 

Thi s   t hesis i s  or gani zed i nt o fi ve chapt ers  consisti ng of  I ntroducti on,  Lit erat ure revi ew, 

Met hodol ogy, Experi ment al results and discussi on fi nall y concl usi on and recommendati ons.  

 

The first  chapt er  gi ves  the general  i ntroducti on of  t he t hesis t hat  cont ains  an overvi ew of  t he 

st udy,  t he St at e ment  of pr obl e m,  moti vati on,  obj ecti ves,  met hodol ogy,  Scope  of  t he st udy 

li mitation, Procedures’, the st udy Si gnificance and t hesis organi zati on.  

The second chapt er  presents  revi ews  made on di fferent  ki nds  of  literat ures  regardi ng Ense mbl e 

machi ne l earni ng approaches  ense mbl e l earning met hods,  pot ential cust omer  predi cti on 

appr oaches  and different ML t echni ques  as  well  as  previ ous  rel ated wor ks  revi ew di scussi on f or 

bank tele mar keti ng cust omers of ter m deposit subscri pti on.  

Chapt er  t hree ill ustrates  met hodol ogy of  bank cust omer  cl assificati on and pri di ction  i ncl udi ng 

the  architect ure of  t he desi gned pr oposed  cl assification and predi cti on model,  i mpl e ment ati on 

appr oach and experi mental  setti ngs, dat a preprocessi ng f or  pot enti al  bank cust omer  predi cti on, 

experi ment al  met hods,  hypot hesis for mul ati on,  si gnificance t est,  model   eval uati on and 

i mpl e ment ati on  tools. 

 Thef ourt h chapt er  di scusses  t he experi ment ati on and di scussi on of  t he fi ndi ngs  of  how each si x 

experi ments  and met hodol ogi es  were i mpl e ment ed and discussi on of  the result.  Fi nall y,  t he 

concl usi on and recommendati onhave been drawn from t he findi ngs of t he study.  
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CHAPTER TWO 

LI TERATURE REVI E W 

2. 1. LI TERATURE REVI EW DI SCUSSI ON 

 

Cust omers  are t he f oundati on f or  every busi ness  success,  but  all  custo mers  are not  equall y 

i mportant  for  busi ness.  Si nce banki ng servi ces  are est ablished t o pr ovi de servi ce f or  cust omers 

and gai n pr ofit,  easil y i dentifyi ng t he best  pot ential  cust omer  shall  be i nvestigat ed and predi ct ed 

ti mel y before l osi ng t he val uabl e cust omers,  t o do so,  appl yi ng EML on t he sel ect ed sect or 

cust omers  [ 5]. As  per  t he stat us  of  t he cl assified cust omer  busi ness  expansion  or  revisi on can be 

i mpl e ment ed.  

In general  cl assificati on i s  a  sche me  f or  i nformati on co mpressi on and as  a transudati ve.                 

predi ction error.  Thus  ,the use of  cl assification and predi ction al gorithms co mbi nedl y results  i n  

best  predi cti on accuracy [ Reference 12]..  To cl assify and predi ct  for  a collect ed and prepared 

dat asets  for  different  cl assificati on al gorithms  i mplement ed.  The i mpl e mentation  i ncl udes  LR i n 

the PS and wit h different  kernels,  SVM,  and with different  Ker nels  and E M at  different  scal es 

and f or  each scal e we  t rai n t he predi ct ors  wit h sets  of  predi cti ons  and finall y,  t he predi cti on i s 

combi ned by ense mbl e mechanis m.  Appl yi ng ense mbl e t echni ques  by combi ni ng t he out put  will 

yi el d hi gher accuracy and resilient t o noise and class i mbal ance[12]. 

Accurat el y  cl assified and predi cted cust omers  hi ghl y i mport ant  for  t aki ng strategi c acti ons 

especi all y f or  Cust omer r el ati onshi p manage ment  ( CRM).  CRM beca me a great  manageri al 

strategy i n many hi ghl y competiti ve or gani zati ons.  The ai m of  CRM i s  t o know t he cust omer’s 

pr ofitability and recall  profitabl e.  CRM may collect  cust omer  dat a from  varieous  sources  li ke 

from  t he dat abase,  from onli ne or  t he pool  t o i dentify t arget ed cust omers  and pr ovi de sel ect ed 

servi ces  f or  cust omer  behavi or.  As  a  result,  many co mpani es  have t o measures  t heir  cust omer’s 

val ue i n or der  t o recall  or pr ofit  pot ential  cust omers[13].  ML met hods   are used f or  cl assificati on 

and predi cti on pur poses  in t he most  applicati on areas  i ncl udi ng i n medi cal  and banki ng areas. 

So me  of  t he wi del y used Cl assificati on and predicti ve al gorithms  are l ogistic regressi on,  Naï ve 

Bayes  cl assifier,  SVM,  Rando m f orest  and neural  net wor k[5]. These al gorit hms  are appli ed on 

bank cust omer dat a set and been anal yzed si gnificantl y separat el y for different para met ers. 
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Appl yi ng a si ngl e l earning al gorit hm f or  bank cust omer  cl assification  and predi cti on t he result 

wi ll  face t hree challenges   and t he challenges  can be overcome  by appl ayi ng EML t echni ques. 

The t hree challenges  are st atistical  pr obl e m,  co mput ati onal  pr obl e m and t he represent ati on 

pr obl e m. A si ngl e al gorithm have bi as  or  overft  probl e ms  and can be overco me  by 

ense mbl ng. Cust omer  classification,  mar keti ng r esponse predi cti ons and advant ages  of 

cl assificati on and predi ction t o i mpr ove cust omer l oyalt y and co mpany profit[1].  To sel ect  one 

predi ction from t he ot her  t here are vari ous  evaluati on metrics.  These eval uati on metrics  are 

accuracy,  error  rat e,  recall,  specificit y.  For  such reason different  al gorit hms  yi el d different 

cumul ati ve results[14]. 

As  per  t he previ ous  st udies  A si ngl e ML t echni que will  not  be suitabl e and best  fit  for  all  t ypes 

of  dat a sets  and area of  st udy[ 8].  Once after  sel ecti ng t he list  of  cl assificati on t echni ques, 

compari ng each al gorithm wi ll  not  avoi d errors  at  t he negotiabl e l evel. To allevi ate t he accuracy 

gap of  each ML al gorit hms’  pr obl e ms  can be mi ni mi zed by appl yi ng EML met hod.  Ense mbl e 

techni ques   wor ks  i n different  ways,  some  wor ks by buil di ng a  l ot  of  base cl assifiers  and aft er 

that  cl assify  dat a f ocuses  by t aki ng a  vot e of  t heir  predi cti ons[15]. This  classifier  whi ch gr oups 

the cl assifiers,  decisi ons  co mbi ned and (t ypi call y by unwei ght ed or wei ght ed voti ng)  t o 

cat egorize new exa mpl es. 

Di fferent  schol ars  cl early st ated  t he i mport ance and usage of  dat a mi ni ng and ML applicati ons 

LR cal culati on i s  utilized f or  f oreseei ng fact ors  wi t h t he li mit ed arrangement  of  qualities.  LR i s 

based on maxi mu m pr obabilit y esti mati on rat her  t han t he esti mati on of  least  squares  whi ch i s 

used i n traditi onal  multipl e regressi on anal ysis,  and hence requires  more i nput  dat a f or  better 

results.  RF,  however,  represent  t he st ate of  art  i n cl assificati on and regression i n additi on t o t hi s 

the experi ment  whi ch i s  done usi ng RF were more attracti ve s maller  dat asets  t he results obt ai ned 

by i mpl e menti ng an RF on t he entire dat aset  and t hose obt ai ned usi ng t he co mbi nati on of 

predi ctions  obt ai ned at  different  scal es  of  cl usteri ng di d not  have a statisticall y si gnificant 

difference[13] [8]. 

El sal a mony ( 2014)  utilized t hree fact ual  measures;  order  exact ness,  affect abilit y,  and 

explicit ness  on t he bank dat aset  .  He  t hought  about  and assessed t he gr oupi ng executi on of  f our 

di sti nct  i nfor mati on mi ni ng pr ocedures'  models;  Multilayer  Perceptron Neural  Net wor k 



 Page 11 

 

( MLPNN),  Tree Aug ment ed Naï ve- Bayes  ( TAN),  Logistic ( LR)  and C5. 0 Decisi on Tree 

Cl assifier.  He  announced t hat  t he C5. 0 model  acco mplished so me what  preferabl e executi on over 

the MLPNN,  LR,  and TAN.  Nachev ( 2015)  connect ed cross-approval and nu mer ous  keeps 

runni ng f or  t he parceli ng of  trai n and t est  sets  (70 % and 30 %)  f or  t he immedi at e showcasi ng 

reacti on t ask.  He  di scovered t hat  t he t wo concealed l ayers  engi neeri ng pr oposed by El sal a mony 

(2014)  coul d be rearranged i nt o a solitary l ayer  struct ure.  He  pl ayed out  a near  exa mi nati on of 

Neural  Net wor ks  ( NN),  LR,  Naï ve Bayes,  Li near  and Quadratic Di scri minant  Anal ysis  ( QDA) 

consi deri ng t heir presentati on at different  

In t he f oll owi ng t abl e 1. 1  de monstrate t he presentati on results acquired by vari ous  creat ors 

latel y when disti ncti ve arrange ment  cal culati ons  were advanced f or  t he bank client  advertisi ng 

forecast  assi gnment  utilizi ng co mparati ve dat aset. The most  well-known measure ment  f or 

executi on assess ment  a mong creat ors  i s  t he AUC,  yet  a fe w creat ors  rest ored t he or der  bl under 

rates  as  executi on metric.  Three arrange ment  cal culati ons  t o be specific;  Support  Vect or 

Machi ne ( SVM),   Ense mbl e Machi ne Learning ( EML),  Logistic regressi on ( LR),   XGB 

cl assifier,   Rando mf orest  ( RF)   utilized f or  di splayi ng t he bank dat aset  in t his  i nvesti gati on. 

Whi l e t he exa mi nati on i sn' t  i nt ended t o recreat e past  i nvesti gati ons  on t he bank client  advertisi ng 

reacti on expectati on,  none-t he-less  t he exhi biti on of  t he Rando m Forest  outfit  will  be contrast ed 

and best  i n cl ass  results gotten by different  creators  t hat  utilized co mparabl e dat aset  so as  t o 

appr opriatel y arrange t he result  i n writi ng.  Crafted by Pr ust y ( 2013)  will fill  i n as  st andar d f or 

this i nvesti gati on.  

Aut hor(s) Year Cl assificati on 
Al gorit hm 

AUC Re mar ks 

Yi yan 
Ji ang 

2018 LED, SVM,  
NN , DT and  
LR 

0. 9203 LR out perfor ms  usi ng R l anguage 
i mpl e ment ati on 

Ol at unji 2016 RF, LR, CART 0. 74 RF ense mbl e  

Nachev 2015 NN 0. 915 Dat a sat urati on, 3-fol d cv 

Pr ust y 2013 C4. 5 0. 939 Bal anced, dat aset, t e s t  vali dati on 

Gupt aet al 2012 SVM - 10 fol d cross- vali dati on 

Mor o et al 2011 SVM 0. 938 1/ 3     test  vali dati on 

Tabl e 1. 1:- Perfor mance for bank marketi ng response predi cti on 

https://www.researchgate.net/profile/Olatunji_Apampa2?enrichId=rgreq-10f875284b1a3b6fc28b8b07646f5f4d-XXX&enrichSource=Y292ZXJQYWdlOzMxNTQ1Njk2MDtBUzo0NzY4MDgxMDY3Nzg2MjVAMTQ5MDY5MTMxOTIyNw%3D%3D&el=1_x_5&_esc=publicationCoverPdf


 Page 12 

 

 

2. 2 ENSE MBLE  LEARNI NG METHODS 
 

E ML al gorithm i s  pr oj ect ed t o do so me  cl assificati on and predi ction f or  vari ous  appli cati ons 

such as  gene expressi on [15][8],  Bank cust omerandt ele mar keti ng response anal ysis [ 16]  and f or 

house pri ce esti mati on [ 17].  Ense mbl e l earni ng met hods  are becomi ng more i mport ant  when t he 

si ngl e model  over  fits and if  Cl ust eri ng and prediction results are worth t he extra trai ni ng. 

Generall y,  EL i s  a  gr oup l earni ng i n whi ch i ndivi dual  models  co me  t oget her  t o achi eve best 

accuracy . Due t o t his  Ense mbl e l earni ng whi ch hel ps  t o i mpr ove t he results of  vari ous  machi ne 

learni ng al gorit hms  t o produce a predi cti ve model.  The t wo wi del y used ense mbl e model s  are 

baggi ng and boosti ng. Baggi ng ( Bootstrap Aggregati on)  i nvol ves  multipl e model s  of  sa me 

learni ng al gorit hm t rained wit h subsets  of  dat a set  rando ml y pi cked from t he dat a 

set(trai ni ng) whereas  Boosti ng t echni que e mphasizes  on t he dat a sets  whi ch gi ves  t he wr ong 

predi ction hence t he weights are accust omed on the learni ng of previ ous model[8]. 

 

Ense mbl e met hods  ( EMs)  applicati on has  shown a  rapi d gr owt h f or  several  years  i n t he ML  

communit y [ 18][19].  EL co mbi nes  gr oup t he different  models  t o reduce  generalizati on error 

wi t h co mpare t o t he  i ndivi dual  predi ct ors.  That  i s i f  t he i ndi vi dual  predi ctions  can be  co mbi ned 

to for m a si ngle. 

 

Even t hough t here are so many ML met hods  a  si ngl e ML  t echni que will  not  be suitabl e and t he 

best  fit  for  all  t ypes  of  dat a setsTo allevi ate t he accuracy gap of  each ML al gorit hms’  pr obl e ms 

can be mi ni mi zed by appl yi ng EML met hod.  An E ML i s  a  gr oup of  predict ors  t o predi ct  t arget 

variabl e and combi nes t o mi ni mi ze generalizati on error. 

By defi niti on EL i s  a  composite model  f or  classification,  depends  on vari ous  cl assificati on 

al gorithms. EMs  are sai d to be successful  ML al gorithms  t hat  co mbi ne different  models  t o get  an 

ense mbl e whi ch shoul d be more accurat e t han its  component  me mbers  [7]. The i ncli nati on f or 

hi gher classificati on accuracy makes the ense mbl e preferable and i mport ant. 
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2. 2. 1 TYPES OF ENSEMBLE ALGORI THMS  
 

Vari ous  t ypes  of  al gorithms  are suitabl e for  different  application areas  and dat a set  t ypes  based on 

size and ot her  criteria’s  . For  t his  st udy we  have i mpl e ment ed ense mbl e algorit hms  si nce EML 

al gorithms   have t he better  accuracy (l ow error),  hi gh consistency (avoi ding overfitting)  and t he 

reducti on of  bi as  and variance error.  Appl yi ng t his  EMs  will  get  t he better out put  t han co mpared 

to si ngle model  whi ch have some  pr obl e ms  li ke over  fits,  and experi mental  results wort h extra 

trai ni ng.  There are t wo fa mous  ense mbl e t echniques   t hose are baggi ng and boosti ng.  EML 

techni ques  applied based on t wo fa milies  t hose are averagi ng met hods  and boosti ng met hods. 

Averagi ng met hods  buil ds  several  esti mat ors  i ndependentl y and t hen t o average t heir  predi cti ons 

si nce t he co mbi ned estimat or  i s  usuall y better  than any of  t he si ngl e base esti mat or  because its 

variance i s  reduced.  A co mmon exa mpl e of  average boosti ng i ncl udesbaggi ng met hods,  RFs  By 

contrast,  i n boosting methods,  base esti mat ors  are built  sequentiall y and one tries  t o reduce t he 

bi as  of  t he co mbi ned estimat or.  The moti vation i s t o co mbi ne several  weak models  t o pr oduce a 

powerful ense mbl e whi ch incl udes AdaBoost and Gr adi ent Tree Boosti ng 

 

2. 2. 1. 1 BAGGI NG 

 

Baggi ng as  Boot strap Aggregati on ( Baggi ng):-  refers  aggregati on of  multiple models  t hat  use 

sa me l earni ng al gorit hm t rai ned wit h a subset  of  dat aset  rando ml y pi cked from t rai ni ng. 

Hi st oricall y baggi ng was  pr oposed by t he di sti nguished   st atistician Leo Br ei man i n 1994 t o 

i mpr ove cl assificati on by co mbi ni ng cl assificati on of  rando ml y generat ed t rai ni ng sets  . Baggi ng 

is a ML ense mbl e met a algorithm whi ch used st atistical  cl assificati on and regressi on t o i mpr ove 

the st ability and accuracy of  ML al gorit hms.  Baggi ng wor ks  by cl assifyi ng t he trai ni ng dat asets 

in t o multi ple bags  of  models  and each model  trained separat el y and co mbi ned and fi nall y each 

baggi ng aggregatedreduce t he variance and helps  t o avoi d over  fitting.  Several  decisi on t rees 

whi ch are generat ed i n parallel  for m t he base l earners  of  baggi ng t echni que.  Dat a sa mpl ed wit h 

repl ace ment is fed t o t hese learners for trai ni ng. The fi nal predi ction is t henaveraged.  



 Page 14 

 

2. 2. 1. 2 BOOSTI NG 

Boosti ng i s  a  machi ne l earni ng ense mbl e met a-algorit hm f or  pri maril y reduci ng bi as,  and al so 

variance i n supervised l earni ng,  and a  fa mil y of  machi ne l earni ng al gorith ms  t hat  convert  weak 

learners  t o strong ones[4].  Boosti ng i s  based on t he questi on posed by Kearns  and Vali ant  " Can a 

set  of  weak l earners  create a si ngl e strong l earner?"  A weak l earner  is  defined t o be a  cl assifier 

that  is  onl y sli ghtl y correlated wit h t he true cl assificati on (it  can l abel  exa mpl es  bett er  t han 

random guessi ng).  In contrast,  a strong l earner  is  a  cl assifier  t hat  i s  arbitraril y well -correl at ed 

wi t h t he true cl assificati on.  Boosti ng met hod converts a set  of  weak l earners  i nt o strong l earners 

. The met hod t o convert  a weak l earner  i n t o strong l earner  i s  by t aki ng a  fami l y of  weak l earners, 

combi ne t he m and vot e.  Thi s  t urns  t his fa mil y of  weak l earners  i nt o strong l earners  i n mean ti me 

the trai ni ng dat a kept i n to si ngle bag and trai ned until the predicti on accuracy i mpr oved.  

The base l earners  i n boosti ng are weak l earners i n whi ch t he bi as  i s  high,  and t he predi cti ve 

power  i s  j ust  a bit  better t han rando m guessi ng.  Each of  t hese weak l earners  contri but es  so me 

vital  i nfor mati on f or  predi cti on,  enabli ng t he boosting t echni que t o pr oduce a  strong l earner  by 

effecti vel y co mbi ni ng of t hese weak l earners.  The fi nal  strong l earner  brings  down bot h t he bi as 

and t he variance.  

In contrast  t o baggi ng t echni ques  li ke RF,  i n which trees  are gr own t o t heir  maxi mu m ext ent, 

boosti ng makes  use of  t rees  wit h fe wer  splits.  Such s mall  trees,  whi ch are not  very deep,  are 

hi ghl y i nt erpret able.  Para met ers  li ke t he nu mber  of  trees  or  it erations,  the rat e at  whi ch t he 

gradi ent  boosti ng l earns,  and t he dept h of  t he tree, coul d be opti mall y sel ected t hrough vali dati on 

techni ques  li ke k-fol d cross-vali dati on.  Havi ng a large nu mber  of  trees  mi ght  l ead t o over  fitting. 

So,  it  i s  necessary t o carefull y choose t he st oppi ng criteria f or  boosti ng. There are different  t ypes 

of  boosti ng al gorit hms f or  different  dat a sci ence applicati ons so me  of  t he m are 

Ada Boost, LPBoost, CoBoost , BrownBoost , Gradient Boosti ng and XGBoost. 

AdaBoost  :-  it  i s  t he short  for  Adapti ve Boosting,  is  a machi ne l earni ng met a-al gorit hm 

for mul at ed by Yoav Freund and Robert  Schapire,  who won t he 2003 Gödel  Prize f or  t heir  wor k. 

It  can be used i n conjuncti on wit h many ot her  t ypes  of  l earni ng algorit hms  t o i mpr ove 

perfor mance.  Ada Boost  is sensiti ve t o noisy dat a and outliers.  In some probl e ms  it  can be  l ess 

suscepti ble t o t he over  fitting pr obl e m t han ot her  learni ng al gorit hms.  The i ndi vi dual  l earners  can 

https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Supervised_learning#Bias-variance_tradeoff
https://en.wikipedia.org/wiki/Supervised_learning
https://en.wikipedia.org/wiki/Michael_Kearns_%28computer_scientist%29
https://en.wikipedia.org/wiki/Leslie_Valiant
https://en.wikipedia.org/wiki/Classification_%28machine_learning%29
https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/AdaBoost
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be weak,  but  as  l ong as  the perfor mance of  each one i s  sli ghtl y better  t han rando m guessi ng,  t he 

fi nal model can be proven t o converge t o a strong learner.  

Li near Progra mmi ng Boosti ng ( LPBoost):-  i s  a supervised cl assifier  from t he boosti ng fa mil y 

of classifiers. 

Co Boost:-  it   i s  a se mi -supervised trai ni ng al gorithm pr oposed by Colli ns  and Si nger  i n 1999. 

The ori gi nal  applicati on for  t he al gorithm was  t he task of  Na med Entit y Cl assificati on usi ng ver y 

weak l earners.  It  can be used f or  perfor mi ng semi -supervised l earni ng in cases  i n whi ch t here 

exist redundancy i n feat ures. 

BrownBoost:-   i s  a boosting al gorithm t hat  may be  r obust  t o noisy dat asets.  Br ownBoost  i s  an 

adapti ve versi on of  t he boost  by maj orit y al gorithm.  As  i s  true f or  all boosti ng al gorit hms, 

Br ownBoost  i s  used i n conj uncti on wit h ot her  machi ne l earni ng met hods.  Br ownBoost  was 

introduced by Yoav Freund i n 2001.  

 

2. 2. 2 CUSTOMER CLASSIFI CATI ON 

 

Cust omer  cl assification i s  t he pr ocess  of  i dentifying whi ch part  of  cust omer  observati on fits  on 

the base of  a  trai ni ng dat aset  on t he known gr oup me mbershi p.  Cl assificati ons  t o i dentify t he 

whi ch part  of  cl asses  (sub- popul ati ons)  a ne w t hing of  observati on fits,  on t he base of  a  t rai ni ng 

dat a set  coveri ng observati ons  ( or  i nstances)  on whi ch gr oup me mbershi p i s  known and 

measured i n t he case of supervised l earni ng.  The t ask of  cl usteri ng i s  to gr oup i nt o obj ects. 

Si mil ar  t o t his,  obj ects i n t he si milar  group ( denoted as  a  cl uster)  whi ch moreli ket o be t he sa me 

ot her t han t o whi ch are i ndifferent groups.  

Cl ust eri ng i s  hel pful  for dat a anal ysis and as  a preprocessi ng st ep f or  vari ous  l earni ng t asks, 

utilize cl usteri ng i n prediction can i mpr ove predi ction precisi on [ 12].  Si nce Cl ust eri ng i s  a  pl an 

for  i nfor mati on co mpression.  It  will  al ong t hese lines  ( when expressed as  a t ransudati ve i ssue f or 

effortlessness) i n all likelihood i mpr ove t he prediction error.  

https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/AdaBoost
https://en.wikipedia.org/wiki/LPBoost
https://en.wikipedia.org/wiki/LPBoost
https://en.wikipedia.org/wiki/LPBoost
https://en.wikipedia.org/wiki/LPBoost
https://en.wikipedia.org/wiki/LPBoost
https://en.wikipedia.org/wiki/CoBoosting
https://en.wikipedia.org/wiki/CoBoosting
https://en.wikipedia.org/wiki/CoBoosting
https://en.wikipedia.org/wiki/CoBoosting
https://en.wikipedia.org/wiki/BrownBoost
https://en.wikipedia.org/wiki/BrownBoost
https://en.wikipedia.org/wiki/BrownBoost
https://en.wikipedia.org/wiki/BrownBoost
https://en.wikipedia.org/wiki/BrownBoost
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Cl assification i s  used t o struct ure dat a i n t he required pattern.  As  i ndi cat ed by a  pre-defi ned 

met ric dat a - poi nts focuses  on one gr oup by definition excepti onall y li ke each ot her  t han t o 

infor mati on f ocuses  from different  groups.  Cl assification appears  t o be helpf ul  for  predict  as  it  i s 

essentiall y a pl an f or  infor mati on co mpressi on[ 20].  By co mpressi on,  we  l earn so met hi ng 

intrigui ng about  t he structure and t he regul arities  in t he dat a t hat  can be utilized t o maybe i mpr ove 

the expectation of accuracy.  

2. 2. 3 APPLI ED METHODOLOGI ES 

 

In t his  st udy from t he various  ML met hods  t he f ollowi ng met hodol ogi es  sel ect ed and descri bed 

incl udi ng t heir  uni que feat ures  and applicati ons.  The  applied met hodol ogies  are:- LR,  SVM,  RF, 

and XGB cl assifiers.  

2. 2. 3. 1 LOGI STI C REGRESSI ON 

 

Logi stic Regressi on ( LR)  al gorit hm i s  utilized f or  antici pati ng factors  wit h t he li mit ed 

arrange ment  of  qualities. I n LR t he out put  i s  a probabilit y di stri buti on with est ee m short  of  one. 

LR depends  on maxi mum pr obability esti mati on i nst ead of  t he l east  square’s  esti mati on used i n 

cust omar y different  rel apse exa mi nati on,  hencefort h requires  more i nfo infor mati on f or  bett er 

out comes. It is a probabilistic approach and it provides feat ure statistical si gnificance.  

Li near regressi on:  -  It  Wor ks  on any si ze of  t he dat aset  and gi ves  dat a about  t he si gnificance of 

feat ures. It is the advant age of linear regressi on.  

Pol yno mi al  Regressi on:  -  Wor ks  on any si ze of  the dat aset  and wor ks  a very well  on nonli near 

issues whereas it needs to pi ck t he correct pol ynomi al degree for a good bias/ variance tradeoff.  

Decisi on Tree Regression:  -  It  i s  I nt erpretability,  no require ment  f or  feat ure scali ng si nce it 

takes  a shot  at  bot h li near  and nonli near  i s  whereas  its  poor  results on t oo small  dat asets  because 

of t he event of overfitting effecti vel y.  

Rando m f orest  Regressi on:  -  Powerful  and accurat e,  good perfor mance on many pr obl e ms 

incl udi ng nonli near, no int erpretabl y overfitting can easil y occur 
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2. 2. 3. 2 SUPPORT   VECTOR MACHI NE ( SVM)  

 

The Support  vect or  machi ne ( SVM)  i s  a  supervised l earni ng met hod t hat  creat es  i nput -out put 

mappi ng capacities  from a  l ot  of  mar ked preparing i nfor mati on.  The mappi ng capacit y can be 

eit her  a gr oupi ng capacity whi ch may be t he cl assification of  t he i nfor mat ion,  or  a  rel apse wor k. 

For  or der,  nonli near  portion capacities  are regularl y used t o change i nput  i nfor mati on i nt o a 

hi gh-di mensi onal  component  space i n whi ch t he i nfor mati on become  i ncreasi ngl y det achabl e 

contrasted wit h t he first  infor mati on space.  Most  extre me  edge hyperplanes  are t hen made.  The 

model  consequentl y created relies  upon j ust  a subset  of  t he preparati on inf or mati on cl ose t o t he 

cl ass  li mits.  Additi onally,  t he model  deli vered by Support  Vect or  Regressi on disregar ds  any 

preparati on i nfor mati on that  is  adequat el y near  the model  f orecast.  SVMs are li kewi se sai d t o 

have a pl ace wit h " Ker nel  met hods".  We  di scuss t he accuracy results and perfor mance anal ysis 

by computi ng recall, precision and F- measure.  

SVM al gorithms use a set  of  mat he matical  functions  t hat  are defi ned as  t he kernel.  The f uncti on 

of  t he kernel is t o t ake data as  i nput  and transfor m it  i nt o t he required f or m.  So me  of  t he co mmon 

kernels used wit h SVMs and t heir  short purposes: 

 Pol yno mi al kernel(It is popul ar i n i mage processing) 

 Gaussi an kernel(It  i s  a general-purpose kernel;  used when t here i s  no prior  knowl edge 

about t he dat a) 

 Gaussi an radi al  basis  functi on ( RBF)(It  i s  a general-purpose kernel;  used when t here i s 

no pri or knowl edge about the dat a) 

 Lapl ace RBF ker nel(It i s  a  general-purpose kernel;  used when t here i s  no pri or 

knowl edge about t he data) 

 Hyper bolic tangent kernel( We can use it in neural net wor ks) 

 Si gmoi d kernel( We can use it as t he proxy for neural net wor ks) 

 Bessel  functi on of  t he first  ki nd Ker nel( We  can use it  t o re move t he cr oss  t er m i n 

mat he matical functi ons) 

 ANOVA radi al basis kernel( We can use it in regressi on probl e ms) and  

 Li near spli nes kernel in one-di mensi on 
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SVM:  -  The advant age i s  its  perfor mance,  not  i nfl uenced by outlier  and not  sensiti vit y t o 

overfitting whereas  it  i s  not  appr opriate f or  nonlinear  pr obl e ms,  not  t he best  choi ce f or  a  l arge 

nu mber of feat ures is the di sadvant age.  

2. 2. 3. 3 RANDOM FOREST 

A r ando m f orest  is  a  supervised l earni ng al gorith m.  It  can be used bot h f or  cl assificati on and 

regressi on.  It  i s  also t he most  flexi bl e and easy t o use t he al gorit hm.  Lit erally a  f orest  i s 

comprised of  trees.  It  i s sai d t hat  t he more trees it  has,  t he more r obust  a f orest  i s.  A r ando m 

forest  creat e decisi on trees  on rando ml y sel ect ed dat a sa mpl es,  gets  a  predi cti on from each t ree 

and sel ects  t he best  sol ution by means  of  voti ng.  It  also pr ovi des  a prett y good i ndi cat or  of  t he 

feat ure i mport ance.  

Rando m f orests have a variet y of  applicati ons,  such as  recommendati on engi nes,  i mage 

cl assificati on,  and feat ure sel ecti on.  Rando m f orests also offer  a good feature sel ecti on i ndi cat or. 

Sci kit-learn pr ovi des  an extra variabl e wit h t he model,  whi ch shows  t he r el ati ve i mport ance or 

contri buti on of  each feature i n t he predi cti on.  It  aut omaticall y co mput es  the rel evance score of 

each feat ure i n t he trai ni ng phase 

RF Cl assificati on:  -  It  is  a  more powerful  and accurat e good perfor mance on many pr obl e ms 

incl udi ng nonli near  i s  t he advant age i n contradiction no i nt erpretability,  overfitting can easil y 

occur, need t o choose decisi on for t he enor mous nu mber is the negati ve part of t he al gorithm.  

2. 2. 3. 4 XGBOOST 

 

XGBoost   as  we  can see i n t he f oll owi ng Fi gure 2. 1 i s  t he most  i mportant  Ense mbl e l earni ng 

( EL)  t ool  whi ch i s  used f or  supervised l earni ng.  An advant age of  utilizing t he ense mbl es  of 

decisi on tree met hods  like gradi ent  boosti ng i s  that  t hey can aut omatically pr ovi de esti mat es  of 

hi ghli ght  si gnificance fro m a  prepared predi cti ve model.  Predi cti ons  can be consoli dat ed by 

unifor m averagi ng,  weighted averagi ng or  group t he m t oget her.  Averagi ng predi cti on 

combi nati on di vi des  t he nu mber  of  qualities  whereas  Wei ght ed i s  when est ee ms  t ake di verse 

si gnificance,  so you dupl icate by t heir  wei ght  (si gnificance)  at  t hat  poi nt  entiret y everyt hi ng up, 

at  t hat  poi nt  separate by the absol ut e wei ght  by simpl e averagi ng as  it  were.  t he predi cti ons  i n a 
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regressi on t ask ( proportionat e t o casti ng a ball ot i n a  charact erizati on t ask)  i s  most  li kel y t he 

least de mandi ng approach t o j oi n t he m.  

 I n t he first  pl ace,  averagi ng every one of  t hese expectati ons  pr obabl y won' t  be pr oducti ve as 

some of  t he m may be poor  i ndi cat ors  and i n t his  way may de monstrate t o be adverse t o t he 

forecast  exact ness.  In t his  manner,  a subset  of  t he absol ut e nu mber  of  f orecasts  acquired must  be 

found t he mi ddl e val ue of  t o i mpr ove exact ness.  Li ke referenced before,  i nst ead of  unifor m 

averagi ng,  a wei ght ed averagi ng or  t he utilization of  a  troupe strategy coul d si gnificantl y 

i mpr ove t he j oi ned f orecast. Good model  trai ni ng perfor mance and ability of  t o buil d mor e 

accurat e model  are t he advant age of  XGboost  and t aki ng more ti me f or  t rai ng due t o it erati on 

pr ocess are t he disadvantage.  

 

Fi gure 2. 1 Machi ne learni ng cl assificati on [21] 

 

Uni que feat ures  of  XGBoost:-  So me  feat ures  of  XGBoost  t hat  make it  preferable are:- 

regul arization,  Handli ng sparse dat a,  Wei ght ed quantile sket ch,  Bl ock struct ure f or  parallel 

learni ng, Cache awareness, Out-of-core computi ng 

Regul ari zati on:-  XGBoost  has  an alternati ve t o punish co mpl ex models  thr ough bot h L1 and L2 

regul arization. Regul arizati on hel ps i n avoi di ng overfitting 

Handli ng sparse dat a:- Mi ssi ng i nfor mati on processi ng  st eps  li ke one-hot  encodi ng make 

infor mati on meager.  XGBoost  j oi ns  a sparsit y- mi ndf ul  split  discoveri ng cal cul ation t o deal  wit h 

vari ous sorts of sparsit y desi gns in t he infor mati on.  
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Wei ghted quantile sketch:-  Most  existi ng tree-based al gorit hms  can locat e t he split  poi nts  

when t he i nfor mati on f ocuses  are of  equi val ent  loads  ( utilizi ng quantile sket ch cal cul ati on).  I n 

any case,  t hey are not  prepared t o deal  wit h wei ght ed dat a.  XGBoost  has  a di stri but ed wei ght ed 

qui ntile sket ch al gorithm to viabl y deal wit h wei ght ed i nfor mati on.  

Bl ock struct ure f or parallel  l earni ng:-   For  qui cker  pr ocessi ng,  XGBoost  can utilize vari ous 

cent ers  on t he CPU.  Thi s i s  concei vabl e i n li ght  of a  bl ock wassyst e m i n its  fra me wor k pl an.  Dat a 

is arranged and put  a way i n- me mor y units called squares.  In contrast  t o di fferent  al gorithms  t his 

e mpowers  t he i nfor mati on desi gn t o be reused by ensui ng cycl es,  rat her  t han pr ocessi ng it  once 

mor e. This component like wi se serves hel pful for steps li ke split findi ng and secti on sub-testi ng.  

Cache awareness:-  InXGBoost,  non-const ant me mor y access  i s  required t o get  t he angl e 

insi ghts  by li ne record.  Hencefort h,  XGBoost  has  been opti mal  use of  hardware.  Thi s  i s  fi nished 

by di stri buti ng all ocati ng i nt ernal  buffers  i n each thread,  where t he gradi ent  i nsi ghts  can be  put 

a way.  

Out- of-core co mputi ng:-  This  feat ure advances  t he accessi bl e di sk space and expands  its 

utilization when t aki ng care of  enor mous  dat asets t hat  don' t  fit  i nt o me mory.  XGBoost  re mai ns 

ga me changer i n t he ML communit y.  

 

 

 

 

 

 

 



 Page 21 

 

CHAPTER THREE 

METHODOLOGY 

3. 1 ARCHI TECTURE OF THE DESI GNED PROPOSED PREDI CTI ON MODEL 

 

In t his  chapt er,  t he design and i mpl e ment ati on of   bank cust omer  cl assification and pri di cti on 

usi ng ense mbl e  met hod el aborat ed  i n det ail.  We adopt ed our  desi gn from Yi yan Ji ang whi ch 

was devel oped for predicting the success of bank tel e mar keti ng usi ng Logistic regressi on[5] .  

The general  architect ure of  pot ential  bank custo mer  predi cti on i s  gi ven i n Fi gure 3- 1.  The 

architect ure has fi ve major phases;  

The 1
st

 is Bank dat a collecti on  from onli ne UCI bank dat aset   

The 2
nd

  phase i s  Dat a pre-processi ng whi ch used t o refi ne our  Dat a cl eani ng,  feat ure sel ecti on, 

EDI, dat a transfor mati on and dat a vali dati on tasks have been done here  

The 3
r d

   phase i s   I mpl ementi ng t he sel ect ed  al gorit hms  LR wit h different  kernels,  SVM i n t he 

pri mal and wit h different Kernels , RF and at last E M usi ng XGBoost  

The 4
t h

  st ep i s  conducti ng dat a anal ysis and Eval uati on t o co mput e usi ng t he chosen dat a and t he 

effecti veness of t he proposed model s  realized by each al gorithms accuracy, precisi on and recall,  

The 5t h and l ast  st ep i s  the end of  our  j ob whi ch is anal yzi ng dra wi ng concl usi on based on t he 

graphi cal  and aggregat ed  experi ment al  result  .  On fi g 3. 1,  we  showed t he i ntracti ve and 

connecti veness of each co mponents i n t he model [22]. 
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Fi gure 3. 1 Architect ure of proposed ense mbl e 
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Ro w  Bank Dat a:-  Are on li ne availabl e UCI bank dat aset 

Processi ng Bank Ro w Dat a:-  The collected r ow bank dat a shoul d be  pr ocessed  due t o t hree 

reasons , those are for fi xing missi ng val ues,  Dat a Standardi zati on and t o opti mi ze variabl e sets. 

Trai ni ng data:- 80 % of  bank dat aset 

Test data:-  20 % of bank dat a set 

LR,   SVM,  RF,  XGBoost:-  are met hods,  trai ni ng applied i n each met hods  and f or  each t he result 

of accuracy, F1-score, recall and pressi on  and ROC val ue registered separatel y 

Fi nal  Pri di cti on Result:-  t he co mparisi on of  LR, SVM, RF and XGB boost based on each  t esti ng 

ACCuracy, AUC and ROC val ues 

3. 2 DATA PREPROCESSING  

 

In ML,  pr oper  dat a expl oration i s  t he maj or  critical  t ask whi ch has  a great  impact  on t he accuracy 

of  t he l earni ng predi cti on si nce dat a expl orati on is t he pr ocess  descri bi ng t he dat a by means  of 

statistical  and vi sualization t echni ques  i n or der  t o bri ng i mport ant  aspects  of  t hat  dat a i nt o f ocus 

for  furt her  anal ysis.  Under  dat a expl orati on,  t he f oll owi ng maj or  t asks  wi ll  be done t hose are 

Dat a feat ure variabl e expl orati on,  Dat a collection,  manage ment  of  outliers,  di mensi onalit y 

reducti on and dat a redundancy resol uti on.  

In or der  t o perfor m pot ential  bank cust omer  predi cti on,  t he dat a shoul d first  be convert ed i nt o 

suitabl e f or mat  and arranged i n t abul ar  for mat the pre-prepari ng movement  i s  i mperati ve t o 

i mpr ove t he accuracy,  efficiency,  and scal abilit y of  t he cl assification pr ocess.  The dat a collect ed 

from onli ne availabl e  UCI  bank dat a .  Therefore, t he dat a must  be pr ocessed and spoke t o a bri ef 

and recogni zabl e confi gurati on or  struct ure.  Therefore, dat a preprocessi ng whi ch used t o refi ne  

dat a cl eani ng,  duplicate re moval, null  val ue  f ndng and correcti ng and bal anci ng have been done, 

here The preprocessi ng assi gnment  was  execut ed utilizi ng usi ng a pr ogra mmi ng l anguage called 

Pyt hon (Pyt hon 3. 6). 
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3. 2. 1 Bank Dat a Set 

Aft er  collecting,  t he det ail  dat a and Expl orat ory dat a anal ysis  were done usi ng Pyt hon.  The 

dat aset  has  been pre-prepared and has  no mi ssi ng qualities.  Outli ne of  t he dat aset  presents  t he 

opport unit y t o assess certai n charact eristics 

The fi nal  collected and prepared bank dat asets are wit h 10, 000 i nst ances  and 14 feat ures 

incl udi ng t he r ow nu mber  of  whi ch  2037 i nst ances  consi dered as   f or  pot ential  ‘ ‘yes(1)’ ’ 

those are t er m deposit  subscri bers  and 7963 i nst ances  of  ‘ ‘no(0)’ ’ as  a  responseour  i nt erst  i s  i n 

predi cting ter m deposit cust omers whi ch are 20 % 

 

 Tabl e 2:- Pot ential bank cust omer dat aset feat ure 

 

  Feat ure Feat ure descri pti on Type  

1 Ro w nu mber 

 Nu mber of t he row n t he dat aset based on t he 

chronol ogi cal order  Nu meri c /conti nuous 

2 Cust omerId  Uni que Id of cust omer given by   Nu meri c /conti nuous 

3 Sur na me  Na me of cust omer   Categorical/ discrete 

4 Nooftransacti on 

Nu mber of ti mes a cust omer used bank servi ce 

in t he gi ven ti me peri od  Nu meri c /conti nuous 

5 Ci t y 

 Locati on of a cust omer  n t he metropolitan 

cites   Categorical/ discrete 

6 Gender  Gender of cust omer et her mal e or fe mal e  Categorical/ discrete 

7 Age  Age of cust omer  Nu meri c /conti nuous 

8 Tenure  Stay of a cust omer by using  bank servi ce  Nu meri c /conti nuous 

9 Bal ance  Re mangwor ng bal ance of a cust omer   Nu meri c /conti nuous 

10 Nu mOf Pr oducts  Nu mber of a product provi ded by t he bank  Nu meri c /conti nuous 

11 Has Dt Car d  Is a cust omer have a debit card or not   Categorical/ discrete 

12 

inacti ve 

me mber  Cust omer stat us as active or i n acti ve  Categorical/ discrete 

13 

yearl y 

incre ment al  The yearll y i ncome of a cust omer   Nu meri c /conti nuous 

14 Pot ential    Categorical/ discrete 

 

Dimensionality Reduction:-   It is important to decrease the dimensions 

of the dataset so as to lessen reduce redundancy. Dimensionality 

reduction should be possible in two distinct ways; one by keeping just 

the most significant variable from the informational index. This 

technique is called feature selection. The second technique is through 

the exploitation of redundant data, and by finding a smaller set of new 
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variables, each being in the mix of the information factors containing 

essentially the same data as the information variable. 

3. 2. 2 Nor mal zaton 
 

Next, we st andardi zed the dat a and bot h axis  i n or der  t o have asi milar  pr oporti onat e 

represent ation of  t he components.  Different  features  have a different  scale of  unit  measure ment. 

For  i nst ance,  t he feat ure age i s  measured i n years,  bal ance i s  a currency unit.  The z-score 

nor malization i n whi ch the feat ure variabl esare standardized dependent  on t he mean and st andar d 

devi ati on of  t he feat ures was  used.  To mai nt ai n a  strategi c di stance from t he i mpacts  of  t he 

indi vi dual  hi ghli ghts we  nor malize by subtracti ng each i nst ance of  t he feature variabl e from t he 

mean at  t hat  poi nt  i solat e t he result  by t he standard ti me fra me  i nst ead of devi ati on of  t he 

particul ar variabl es, usi ng t he bank-pot ential dataset. 

 

3. 3 EXPERI MENTAL METHODS 

 

Exper ment al  met hods  mai nl y ai med t o accomplish i dentify and vi sualize whi ch fact ors 

contri bute t o cust omer  to be pot ential  and t o buil d a predi cti on model  t hat  will  perfor m   a 

cust omer  i s  a pot ential  cust omer   t o sel ect  t er m deposit  or  not  and Preferabl y,   based on model 

perfor mance,  choose a  model  t hat  will  attach t he pot ential  and t he l east  partici pant  cust omers  i n 

anot her  way  t he pot ential  and t he  cust omers who doesn’t  subscri be t er m deposit  .  The 

experi ment al  met hod has fi ve st eps.  Those are Dataset  revi ew and Preparation, Expl orat ory dat a 

anal ysis,feat ure engi neering, Dat a preparati on for model fitting and for model selecti on.  

 

 

3. 3. 1  Dat a set review  

 

In t his  secti on,  we  have identfed  t he struct ure of dat a expl ored i n or der  to understand t he i nput 

space t he dat a set  and t o prepare t he sets f or  expl orat ory and predi cti on t asks. Practicall y t he 

i mportant libraries i mported, the dat a fra me i mported, uni que and null val ues have been checked 
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Fr om data revi ew, t he followi ng facts consi dered.  

1. The bal ance is for a gi ven dat e and depend on t he bal ance at the end of fiscal year.  

2. There are cust omers  who are i nacti ve and t er m deposit  subscri ber   and  have a bal ance i n 

their account  

3. Acti ve me mbers are t hose who uses t heir account once at least in t he three mont hs. 

4. Nu mber of transacti ons is bot h debit and credit transacti ons 

5. Nu mber of products is only in t he number and each product can’t be measured here.  

6. Usi ng expl orat ory Dat a Anal ysis  t he bank dat a (bank- Pot ential)  was  t horoughl y expl ored 

usi ng dat a vi sualizati on t echni ques  and physi cal  assess ment  of  t he dat a.  Significant  ti me 

was spent i nspecti ng t he dat aset physi call y i n tabular for mat i n pyt hon.  

 

3. 4 MODEL  EVALUATI ON 

 

Thi s  acti vit y i s  responsibl e f or  descri bi ng t he eval uati on para met ers  of  t he desi gned model  and 

its results.  Eval uati on of t he syst e m i s  made with t he eval uati on para meter  t hat  co mpares  t he 

nu mber  of  t he dat a whi ch,  are cat egorized correctl y and i ncorrectl y.  The co mparison i s  done 

bet ween t he dat a cat egorized by t he pr oposed model  syst e m and t hat  of  the manuall y l abel ed 

(categorized)  dat a.  In or der  t o have a co mmon perfor mance evaluati on metric f or  t he 

cl assificati on and ense mbl e al gorithms  and  t he classificati on accuracy ( CA)  will  be used as  t he 

fi nal  t est  of  perfor mance.  Ot her  rel evant  metrics  such as  Precisi on and Recall  will  al so be 

accorded a wareness  i n order  t o understand and appreci ate t he perfor mance of  t he cl assificati on 

and ense mbl e al gorithms on t he bank dat aset. 

 

In t his  exa mi nati on,  t he present ati on of  t he pr oposed model  i s  eval uat ed by t aki ng about  t he 

experi ment al  st at us  of  test  accuracy,  recall  and f 1 score t ests i n order,  t he precisi on i s 

charact erized as  t he quantity of  t rue positi ves  i solat ed by t he whol e of  sum of  true positi ves  and 

false positi ves, whi ch is communi cat ed by Equation 
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3. 4. 1 Precisi on 

 

Precisi on ( P):It  very wel l  consi dered as  a  pr oportion of  precisi on,  whi ch i s  the l evel  of  exa mpl es 

mar ked as  positi ve t hat are act uall y positi ve.  Precisi on,  i n ot her  words,  is  t he fracti on or 

percent age of  det ect ed or  retrieved i nst ances  t hat  are rel evant  by t he cl assi ficati on 

al gorithm. Accuracy i s  the nu mber  of  true positives  partitioned by t he co mpl et e nu mber  of 

components  mar ked as  havi ng a pl ace wit h t hat  class. Hi gh precisi on means  t hat  t he maj orit y of 

items label ed as for i nstance ‘positi ve’ i ndeed belong t o t he cl ass ‘positi ve’ and is defi ned as.  

 True positi ves  are positive it e ms  t hat  we  correctly i dentified as  positi ve f or  positi ve cl ass 

and Negati ve items t hat we correctl y i dentified as Negati ve for negati ve class. 

 Fal se positi ves  ( or  Type I  errors)  are negati ve co mment s  t hat  we  i ncorrectl y i dentified 

as  positi ve f or  positi ve cl ass  and positi ve co mment s  t hat  we  i ncorrectly cl assified as 

negati ves for t he negati ve class 

Precisi on and recall  reach t heir  best  val ue at  100% and worst  at  0 %,  while F- measure reach its 

best val ue one and worst zero.  

 

3. 4. 2  Recall 

 

Recall  can be consi dered as  a  measure of  compl eteness,  whi ch i s  t he l evel of  positi ve exa mpl es 

that  are reall y mar ked as  positi ve.  Recall  at  t he end of  t he day it  i s  t he portion or  l evel  of  rel evant 

instances  t hat  are det ect ed and retrieved by t he classifi cation al gorit hm.  The revi ew of  gr oupi ng 

is charact erized as  t he number  of  true positi ves  i solated by t he all-out  nu mber  of  co mponents  t hat 

have a place wit h the positive classes.  

Recall  ( R)i s  t he nu mber of  true positi ves  partitioned by t he all-out  nu mber  of  it e ms  t hat  reall y 

have a  pl ace wit h t hat  class.  A hi gh recall  i mplies  t hat  most  of  t he ' positive'  t hi ngs  were mar ked 

as havi ng a place wit h the class ' positi ve' . 



 Page 28 

 

 True negati ves  are irrelevant  it e ms  t hat  we  correctl y i dentified as  irrelevant.  (negati ve 

comment s not classified under positi ve for positi ve class and vi ce versa) 

 Fal se negati ves  ( or  Type II  errors)  are rel evant it e ms  t hat  we  i ncorrectly i dentified as 

irrelevant.  (positi ve comment s  t hat  i ncorrectly not  cl assified under positi ve f or 

positi vecl ass  and negative co mment s  t hat  i ncorrectl y not  cl assified under  negati ve f or 

negati ve class.) 

3. 4. 3  F measure( F1 score) 

 

F- measure ( F1 score)  i s defi ned as  t he  sy mphoni ous  mean of precisi on and recall   whi ch i s  a 

measure t hat  j oi ns  Recall  and Precisi on i nt o a singl e Measure of  performance t his  i s  onl y t he 

result of  precisi on and recall di vi ded by t heir normal t he f measure whi ch is appeared by  

The F- measure, whi ch is shown i n Equati on 3. 3.  

    (3. 3) 

3. 4. 4 Area under ROC curve( AUC)  

 

The Ar ea under  Cur ve i s  a metric ( usuall y l ess  than 1. 0)  t hat  measures  the val ue of  ROC.  The 

AUC i s  a  i s  mostl y consi dered as  a  generalized measure f or  a  cl assificati on al gorit hm’s 

separati on power  f or  mor e t han t wo cl asses. The AUC i s  consi dered as  a  mor e soli d 

measure ment  and subsequentl y more accept abl e t han t he cl assificati on precisi on Cl assificati on 

Accuracy ( CA).  

CA i s  a  metric t hat  estimat es  t he present ation of  a cl assificati on al gorithm wi t h its  capacit y t o 

accurat el y or der  a bi nary or  multi-class  response.Assuch,  t he cl assification accuracy i s  a  measure 

of t he proporti on of dat a instances for whi ch t he class predicti on was correct. 
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CHAPTER FOUR 

EXPERI MENTAL RESULTS AND   DISCUSSI ON 

4. 1 I NTRODUCTI ON 

 

In t his  research,  si x experi ments  had done  wit h t he f our  l earni ng al gorithms  Support  Vect or 

Machi ne ( SVM),  Logistic regressi on ( LR),  Rando mf orest  ( RF)  and Extreme  Gr adi ent  Boosti ng  

( XGB)  cl assifier.  The six experi ments  are Fit  primal  l ogistic regressi on,  Fit  Logistic regressi on 

wi t h degree 2 pol yno mi al  kernels,  Fit  SVM wi th RBF ker nel,  fit  SVM wi t h Poll y kernel,  Fit 

Rando m f orest  cl assifier, Fit  extre me  gradi ent  boosti ng cl assifier. All  t he results are present ed i n 

the subsequent portion.  

4. 2 EXPERI MENTAL RESULTS  AND ANALYSIS 

 

Aft er  i mporti ng t he above modul es  and li braries,  t he second i mmedi ate t ask i s  t o r ead t he 

pr ocessed dat a fra me( df) t o pyt hons   and t o check t he i mport ed r ows  and attri butes.  In t hi s  st udy  

10000 r ows  and 14 attri but es  before expl orat ory anal ysis and predi cti on modeli ng t he i dentifyi ng 

i mportant  attri butes  t he need of  dat a mani pul ati ons  carried out.  All  col umns  are checked f or  null 

and t heir  result  i s  0 whi ch i s  no null  val ue.  As  we  can see from t he result  of fi gure 2 r ow nu mber, 

cust omer  i d,  surna me,  bal ance,  yearl y i ncre mental  attri butes  are specific t o a  cust omer.  Fr o m 

those r ow nu mber,  cust omer  i d,  surna me i s  not  required f or  t he st udy si nce t he val ue of  each 

attri bute i s  specific t o cust omer  and it  i s  ti me   and me mor y t aki ng For  each val ue uni que val ues 

di spl ayed as descri bed i n figure 2.  

 

Fi gure 2:- Uni que count 

for each attri bute 

variabl e 
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Feat ure Sel ecti on:-   I n t hi s  st udy so as  t o deci de t he most  rel evant  features  i n or der  t o get  a 

relevant  result  from t he experi ment  t he det er mi nant  feat ures  shoul d be i dentified. To do so from 

10000 r ows  and 14 attri but es  before expl orat ory anal ysis and predi cti on modeli ng t he i dentifyi ng 

i mportant attri butes t he need for dat a mani pul ati ons carried out.  

It  i s  i mport ant  t o understand t he nat ure of  t he di stri buti on of  t he bank dataset  (bank-pot enti al) 

and its  feat ures  before any f or m of  anal ysis i s  perfor med on t he dat a.  In data expl orati on feat ure 

selecti on i s  t he maj or  task,  feat ure sel ecti on t he pr ocess  of  sel ecti ng rel evant  feat ures  and 

discardi ng irrelevant  features.  In dat a expl orati on Ano malies,  outliers  and extraordi nary qualities 

were effecti vel y identified duri ng dat a expl orati on. 

Tabl e 3:- Potenti al bank custo mer  feat ure variabl es stat us 

  Feat ure Feat ure descri pti on Type  

1 Ro w nu mber Ro w nu mber from 1 t o 10, 000 

 Nu meri c 

/conti nuous 

2 Cust omerId 8 di git Uni que i d of a customer  

 Nu meri c 

/conti nuous 

3 Sur na me Na me of cust omer   Categorical/ discrete 

4 No. of.transacti on 350 t o 850  number of transacti ons 

 Nu meri c 

/conti nuous 

5 Geography ‘ ‘Spai n’ ’,’ ’France’ ’ and ‘ ‘ Ger many’ ’  Categorical/ discrete 

6 Gender ‘ ‘male’ ’ or ‘ ‘Fe mal e’ ’  Categorical/ discrete 

7 Age 18 t o 92 years 

 Nu meri c 

/conti nuous 

8 Tenure 0 years t o 10 years 

 Nu meri c 

/conti nuous 

9 Bal ance 

Re mai ni ng bal ance on t he cust omer account  0 t o 

250898. 01 

 Nu meri c 

/conti nuous 

10 Nu mof Pr oucts 1 t o 4 products 

 Nu meri c 

/conti nuous 

11 Has Dt Car d 1 for  ‘ ‘yes’ ’, 0  for  ‘ ‘  no’ ’  Categorical/ discrete 

12 Is Acti ve Me mber 1 for  ‘ ‘yes’ ’, 0  for  ‘ ‘  no’ ’  Categorical/ discrete 

13 yearl yi ncri ment al 11. 58 t o 199992. 5 

 Nu meri c 

/conti nuous 

14 Pot ential  1 for  ‘ ‘yes’ ’, 0  for  ‘ ‘  no’ ’  Categorical/ discrete 
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The dat a fra me  struct ure di spl ayed i n Tabl e 5 , Here our  mai n i nt erest  is  to get  an underst andi ng 

as  t o how t he gi ven attri butes  rel ate t o t he ' potential'  st at us.  The f oll owi ng fi gure di spl ays 

pot ential  and non- pot entialstat us.  As  we  can see i n fi gure 3 from t he t otal  dat aset  79. 6 % are 

pot ential  and 20. 04 % cust omers  are non pot entialhence we  are goi ng t o eval uat e t he pot ential 

level  of  t he 79. 6.   When pr oceedi ng our  experi ment  by checki ng our  variabl e dat a t ypes,  mostl y 

we have a cat egorical variabl e and 5 conti nuous variabl es.  

 

Tabl e 4:- Dat a set Dat a fra me 

 

Fi gure 3:- Ter m deposit subscri berPotenti al customer stat us 
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The ' Stat us'  relati on wit h cat egorical variabl es represent ed as foll ows.  

As  we  can see from f g 3 t he pr oporti on of  t er m deposit  i s  not  rel ated t o  cust omer  and  So me 

ti mes  sai d t o be i nversel y pr oportional  The proporti on of  Fe mal e  cust omer  t er m deposit or 

great er  t han t hat  of  mal e cust omers  i nacti ve custo mers   subscri bed more on t er m deposit  ot her 

than acti ve cust omers 

 

Fi gure 4:-  The ' Stat us'  relati on wit h cat egorical variabl es 
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Rel ati ons based on t he conti nuous dat a attri butes 

 

Fi gure 5:- Rel ati ons based on t he conti nuous dat a attri butes 

1. Cr edit sore is not si gnificant for ter m deposit subscri pti on 

2. The ol der cust omers  subscri bes  ter m deposit than the younger (t here should be 

moti vati on for younger' s) 

3. Tenure, product  and  salary  doesn’t have  +ve  or --ve  i mpact on ter m deposit 

subscri pti on cust omer  

4. A cust omers who have more bal ance doen’t subscrbe ter m depost whch wll be t he 

pot ental for lendng  

Usi ng t he dat a set the followi ng feat ures In t his part cust omer bal ance and yearl y i ncome rati o, 

tenure and age , nooftransacti on wit h age  have been  visualized.  

For easier mani pul ati on col umns shall be arranged by bot h   conti nuous and categorical dat a 

types t o be trai ned.  
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Feat ure Engi neeri ng : - The mai n obj ecti ve of  feat ure engi neeri ng i s  t o add feat ures  t hat  are 

likel y t o have i mpact  on t he bank pot ential  cust omer.  In t he above we have  seen t ha f or 

coniti ni ous  variabl es  of  t est  dat abases The pri mary t ask i n t he feat ure engineeri ng i s  t o split  t he 

trai ni ng and t esti ng dat a sets  wit h 80 % f or  trai ning and 20 % f or  t esti ng whi ch means  we  have 

used 8000 rows for trai ning and 2000 rows for testing from t he 10000 rows of dat a set.  

Cl assificati on wor ks  by l earni ng from l abel ed feature sets,  or  trai ni ng dat a.  Most  papers  t hat  we 

have used f or  t he researches  t he  20 % of  t he t ot al  dat a used f or  t esti ng and the re mai ni ng 80 % f or 

trai ni ng for our research wor ks[5][17]. 

In t he feat ure engi neering,  we  have checked t he rel ati on of  bal ance and Yearl y i ncre ment al, 

cust omer  Age wit h t enure st at us  of  a  cust omer  and Nu mber  of.  The det ailed result  descri bed i n  

fi gure 7 i n det ail. 

The Bal anceyearl yi ncrement alrati o,  Tenureage,  Cr edit ScoreGi venAge  have been trai ned and t he 

resulti ng dat a fra me  have been di spl ayed as  f oll ows by o mitti ng  Nu mber  of t he transacti on,  Cit y

,  Gender,  Age,  Tenure,  Bal ance,  Nu mber of  pr oducts,  Handcard,  Is Acti ve Me mber,  and yearl y i nc

re ment al feat ures. 

 

 

Pot ential Bal anceyearl yi ncome Rat io TenureByAge Noof Transacti onGi venAge 

8159 0 3. 453373 0. 0625 14. 25 

6332 1 1. 120446 0. 212766 13. 765957 

8895 0 2. 956028 0. 146341 18. 439024 

5351 1 0 0. 054545 10. 036364 

4314 1 0 0. 194444 14. 722222 

 

Tabl e 6:- Additi onal trai ned feat ure 

Tabl e 5:- Custo mer balance and yearl y i nco me rati o, tenure and age, no of transacti on wit h age 
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As  we  have seen i n t he above conti nuous  dat a attri butes   bal ance and age have an i mpact  on  

ter m deposit  subscri bti ons  but  credit  score,  yearl y i ncre ment al,  sal ary and pr oduct   doesn’t  have 

any si gnificant  rol e.  After  feat ure engi neeri ng Sal ary has  little effect  on t he chance of  t er m 

deposi  subscri pti ons.In the case of  Bal ancesal aryrati o,  t he cust omers  wit h a hi gher  bal ance sal ary 

rati o ter m deposit subscripti on  stat us also increased.  

As  per  t he descri ption i n t he 3. 5. 3 The Bal anceyearl yi ncre ment alrati o,  TenureBy Age, 

Nooftransacti onGi venAge have been added and t rai ned. From t he bel ow anal ysisFi gure 7 t he 

yearl y i ncre ment al  doesn’t  have an i mpact  t o consi der  as  pot ential  or  not  pot ential  cust omer 

cl assificati on whereas  t he cust omer  wit h si gnificant  bank bal anceare not  pot ential  and t he bank i s 

losi ng.  Whereas  after  t aki ng t he bal ance and yearl y i ncre ment al  rati o we have seen t hat  t he 

yearl y i ncre ment al has little i mpact on t he chance of potential cust omer.  

 

 

 

 

 

 

 

Fi gure 1:- Trai ni ng result of bal ance and i ncreme nt al rati o and Age and tenure 

Ho wever  as  seen above after  trai ni ng bal ance and yearl y i ncre ment al  t oget her,  ensure and age 

there i s  a  variance.  The r ati o of  t he bank bal ance and t he yearl y i ncre ment al  i ndi cat es  t hat 

cust omers  wit h a hi gher bal ance yearl y i ncre ment al  rati o are more pot ential  whi ch woul d be 

worryi ng  advant age t o the bank as t his i mpacts their source of l oan capital. Regar di ng t he 

tenure and age si nce t enure i s  a  f uncti on of  age,  we  i ntroduce a vari abl e ai mi ng t o st andar di ze 

tenure over age hence slightl y contri bute t o potential cust omer.  
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Dat a Preparati on f or model  fitti ng:- To do t he foll owi ng t asks  t he dat a preparation f or  t est  dat a 

shall  be prepared.  The maj or  t asks  are predi cti ng the added ne w f eat ures,  Reor der  t he col umns, 

change t he 0 i n cat egorical  variabl es  t o - 1 and encode t he cat egorical  vari abl e,  mi ni mu m 

maxi mu m scali ng and ensuri ng t hat t he variabl es are ordered i n t he sa me way as per t he desired.  

Here t he mai n task to Arrange col umns by dat a t ype for easier mani pul ati on by cl assifyi ng as con

tinuous variabl es(conti nuous_vars ), Category Variabl es(cat _vars) t o trai n the pot ential trai ned d

at a and t he sum of Continuous and cat egory variabl es. The out put displ ayed as t he followi ng tabl

e usi ng t he foll owi ng code.  

 

The ot her  re mai ni ng t ask i n dat a preparati on f or  model  fitting i s  t o change from 0 t o - 1 f or  t hehot 

variabl es  i n or der  t o make t he models  t o capt ure a negati ve rel ati on.  For Has Dt Car d,  Is Acti ve Me

mber,   Cit y and  Gender  instances  t o be trai ned,  Ensuri ng t hat  all  one variabl es  t hat  appear  i n t he 

trai n dat a appear  i n t he subsequent  dat a,  Mi n Max scali ng conti nuous  vari abl es  based on  mi ni mu

m and maxi mu m fr om t he trai ni ng dat a  and t o ensure t he vari abl es  are or dered i n t he sa me  way 

as  was  or dered i n t he traini ng set. The l ast  st ep f or   dat a preparati on f or  model  fitting i s  dat a prep

arati opi peli ne for test data whch has t he followi ng tass while prepari ng pi peli ne 

# dat a prep pi peli ne for test dat a def Df PrepPi peline(df_predi ct, df_trai n_Cols, mi nVec, maxVec):  

# Add ne w feat ures pri dctng Bal anceyearl yi ncomeRati o, TenureBy Age , Noof TranGi venAge 

# Reor der t he col umns( bot h conti nuous_vars and cat _vars) 

# Change t he 0 i n categorical variabl es t o -1(for Has Dt Car d  and Is Acti veMe mber  

 # One hot encode t he categori cal variabl es(ct y and gender) 

# Ensure that all one hot encoded variabl es t hat appear i n t he trai n dat a appear i n t he subsequent 

dat a 

# Mi n Max scali ng coontinuous variabl es  

 # Ensure that The variables are ordered i n t he same way as was ordered in t he trai n set  

df _predi ct = df_predi ct[df_trai n_Col s] 

 ret urn df_predi ct 

 ( Det ail code  availabl e at the end of t he st udy i n annex.  
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Mo del  fitti ng and sel ection:- For  model  fitting we  had i mpl e ment ed LR i n t he PS and wit h 

different  kernels,  SVM i n t he pri mal  and wit h di fferent  Ker nels  and EMs . To check each model 

fitting practically we have i mport ed support functions, Fit models and scoring functi ons.  

Tabl e 4: pyt hon support, fit model and scori ng functi ons  

# Support functi ons 

 

fro m skl earn. preprocessi ng i mport Pol yno mi alFeat ures 

fro m skl earn. model _selecti on i mport cross_val_score 

fro m skl earn. model _selecti on i mport Gri dSearchCV 

fro m sci py. stats. i mport unifor m 

 

# Fit models. 

 

from sklearn.li near_model. i mport LogisticRegressi on 

from sklearn. svm i mport SVC 

from sklearn. ense mbl e import Rando mForest Cl assifier 

           from xgboost i mport XGBCl assifier 

# Scori ng functi ons 

 

from sklearn. metrics i mport accuracy_score sum of true.. 

positi ves and false 

from sklearn. metrics i mport classificati on_report  

from sklearn. metrics i mport roc_auc_score.  

from sklearn. metrics i mport roc_curve 

 

 

Once after  i mporti ng t he above support  functi ons,  fit  models  and scoring f uncti ons.  Trai ni ng 

have been done on t he pot ential  dat a usi ng vari ous  feat ures.  Pri mi al  l ogistic regressi on t rai ned 

usi ng l bfgs  sol ver  where asli bli near  sol ver  f or  logistic regressi on degree 2.  SVM wi t h RBF 

kernel  and pol y kernel  trai ned.  Rando m f orest  cl assifier  fit  trai ned and extre me  gradi ent  boosti ng 

cl assifier trai ned. For each fit trai ni ng t he accuracy displ ayed i ncl udi ng t he det ail feat ure results.  

Aft er  trai ni ng t he fit  model  t he next  t ask i s  appl aying fit  best  model.  For  i nstance  t he fit  and best 

fit model codes displ ayed as foll owi s i ncl udi ng t he result respecti vel y 
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# Fit pri mal l ogistic regressi on trai ni ng  

para m_gri d= {' C' : [0. 1, 0.5, 1, 10, 50, 100], ' max_iter': [250], ' fit_i ntercept' :[ True],' intercept _scali ng'

:[1], 

' penalt y' :[' l2' ], 'tol' :[0. 00001, 0. 0001, 0. 000001]} 

log_pri mal _Gri d=Gri dSearchCV( LogisticRegression(sol ver =' l bfgs' ), para m_gri d, cv=10, refit =Tr

ue, verbose=0) 

log_pri mal _Gri d.fit(df_trai n.l oc[:, df_trai n. col umns! =' pot ential' ], df_trai n. Potential) 

best _model(l og_pri mal _Gri d) 

out put  

0. 810375 

{' C' : 0. 1, ' fit_i ntercept' : True, ' intercept _scali ng' : 1, ' max_iter' : 250, ' penalt y': 'l2', 'tol' : 1e-05} 

Logi sticRegressi on( C=0. 1, class_wei ght =None, dual =False, fit_i nt ercept =Tr ue,  

intercept _scali ng=1, max_iter =250, multi _cl ass=' ovr' , n_j obs=1,  

          penalt y=' l 2' , random_st at e=None, sol ver =' lbf gs' , tol =1e-05,  

          verbose=0, war m_start =False) 

 

 

# Fit pri mal l ogistic regressi on 

log_pri mal = LogisticRegressi on( C=100, class_wei ght =None, dual =False, fit _i nt ercept =Tr ue,i nt

ercept _scali ng=1, max_iter =250, multi_cl ass=' warn' , n_j obs=None,  penalt y=' l 2' , rando m_st ate=

None, sol ver =' l bfgs' ,tol =1e-05, verbose=0, war m_start =False) 

log_pri mal.fit(df_trai n.l oc[:, df_trai n. col umns ! = 'pot ential' ], df_trai n. potential) 

Out put: 

LogisticRegressi on( C=100, cl ass_wei ght =None, dual =Fal se, fit_i nt ercept=True,  

intercept _scali ng=1, max_iter =250, multi_cl ass=' warn', 

n_j obs =None, penalty=' l2' , random_st at e=None, sol ver =' l bf gs', 

tol =1e-05, verbose=0, war m_st art =Fal se) 

Best model Fit stat us  

Fit model stat us wit h each si x  classifiers stat us descri bed i n t he foll owi ng tabl e.  

Cl assifier Fit Best _ Model stat us 

best _model(l og_pri mal _gri d) 0. 8151 

best _model(l og_pol 2_grid 0. 8556 

best _model( SVM_gri d_RBF 0. 8519 

best _model( SVM_gri d_pol) 0. 8545 

best _model( RanFor _gri d) 0. 8631 

best _model( XGB_gri d) 0. 8633 

 

 

As  descri bed i n t he annex part  fit  and best  fit  traini ng codes  have been i mpl e ment ed f or  SVM,  

LR  RF  and XGB cl assifiers and t heir respect ed accuracy result displ ayed.  

Fi gur e 2 Best model Fi t stat us  
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The fi nal step is to Revi ew best model fit accuracy: here our i nterest is on the perfor mance i n 

predi cting t he pot ential cust omer who is hi ghl y i mportant.  
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Fi gure 3 Co mparsi on of each predi cton al gorithms and ther precison, recall and F1score result. 

As  we  can see i n t he above dscussi on  Rando m f orest  best  pri dct ed t han XGB and ot her 

pri dcti ons  as  wel  l ogst c regerssi on pri mal  pr oducts wit h l ow eval uati on metric result  where  as 

logistic regeressi on wit h degree 2 predcti on is better.  

Log. _pri mal.fit(df_trai n.loc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

log_pol 2.fit(df_trai n_pol2, df_trai n. Pot ential) 

SVM_ RBF. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

SVM_POL. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

RF. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

XGB. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

 

Fi gure 4:- Trai ni ng ROC curve 
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The  proporti on of  potenti al  custo mer stat us result:- As  we  have seen from fi gure 3 t he 

pr oporti on of  pot ential  cust omer  st at us  about  t he 80 %of  t he t ot al  cust omer  i s  pot ential.  So t he 

baseli ne model  coul d be t o predi ct  t hat  80 % of  t he cust omers  are pot ential.  we  need t o ensure 

that  t he chosen model  does  predi ct  wit h great  accuracy t his  80 %  as  it  i s  of i nt erest  t o t he bank t o 

identify and keep t his  bunch as  opposed t o accuratel y predi cting t he customers  t hat are kept  i n 

touch wit h the bank by granti ng t he appropri ate benefits packages. 

St at us rel ati on of a potenti al custo mer wit h categori cal vari abl es resulti nt hedescri pti on 

In additi on t o t he above from fi gure 4 ,  t he f ollowi ng poi nts  have been not ed.  As  we  can see 

from t he graph t hat visualizes  t he st at us  rel ation of  a  pot ential  cust omer  wit h cat egori cal 

variabl es.  The 1
st

 result observati on i s  t hat  t he Maj orit y of  t he dat a i s  from persons  from 

Bahirdar.  Ho wever,  t he pr oporti on of  pot ential cust omers  i s  wit h i nversel y rel ated t o t he 

popul ati on of  cust omers all udi ng t o t he bank possi bl y havi ng a  pr obl e m f or  Debre mar kos  cit y 

cust omers( maybe not  enough cust omer  servi ce resources  all ocat ed)  i n t he areas  where it  has 

fewer  clients.  The 2
nd

 result  observati on i s  t he proporti on of  pot ential  femal e cust omers  i s  al so 

great er  t han t hat  of  mal e cust omers.  The 3
r d

 i nt eresti ng result  observati on i s,t he maj orit y of  t he 

pot ential  cust omers  are those wit h credit  cards.  Gi ven t hat  t he maj orit y of  t he cust omers  have 

credit  cards  coul d pr ove t his  t o be j ust  a coi ncidence.  The 4
t h

 Unsurprisi ng result  i s  t hat  t he 

inacti ve me mbers  have a great er  pot ential  t endency and worryi ngl y i s  t hat  the overall  pr oporti on 

of  i nacti ve me mbers  i s  quite hi gh suggesti ng t hat t he bank may need a  progra m i mpl e ment ed t o 

turn t his gr oup t o acti ve cust omers  as  t his  will  definitel y have a positi ve i mpact  on t he pot ential 

cust omer.  

St at us rel ati on of a potenti al custo mer wit h conti nuous vari abl es result i n descri pti on 

The st at us  rel ati on of  a  pot ential  cust omer  wit h conti nuous  variabl es  described i n Fi gure 5. Fr om 

the i mage t he not ed results are t he f oll owi ngs:  There i s  no si gnificant  difference i n t he credit 

score di stri buti on bet ween pot ential  and not  a pot ential  cust omer.  The ol der  cust omers  are 

pot ential  at  more t han t he younger  ones  all udi ng to a difference i n servi ce preference i n t he age 

cat egories.  The bank may need t o revi ew its  t arget  mar ket  or  revi ew t he strategy f or  ret enti on 

bet ween t he different  age gr oups.  Wi t h regard t o t he t enure,  t he clients  on eit her  extre me  end 

(spent  little ti me wit h t he bank or  a  l ot  of  ti me with t he bank)  are more li kely pot ential  cust omer 
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compared t o t hose t hat  are of  average t enure.  Worryi ngl y,  t he bank i s  l osing cust omers  wit h t he 

si gnificant  bank a bal ance whi ch i s  li kel y t o hit t heir  availabl e capital  for  l endi ng.  Neit her  t he 

pr oduct nor t he salary has a si gnificant effect on the li keli hood t o exited  

. 

Dat a Preparati on for model fitti ng 

For  best  model  fitting the f oll owi ng experi ments  have been handl ed,  t hose are Arrangi ng 

col umns  based on t he data t ypes  f or  t he sake of  easier  mani pul ati on,  and t o make t he model  abl e 

to understand t he negati ve rel ati ons  f or  hot  variables  has  a  debit  card,  Is  active me mber? cit y and 

gender trai ni ng. At last the trai ned dat a fra me scoring result descri bed from t able 8 t o tabl e 13.  

4. 2. 1 The experi ment al result usi ng Logistic Regression ( LR)  

Logi stic regressi on whi ch i s  a  variati on of  or di nary regressi on t hat  is  used when t he dependent 

(response)  variabl e i s  dichot omous  (t akes  t wo val ues).  In l ogistic regressi on,  a bi nary l ogistic 

model is used t o esti mat e t he pr obabilit y of  a  bi nary response based on one or  more predi ct or  or 

independent  variabl es. LR may use any of  t he f ollowi ng para met er’s ' l bfgs' ,  ' libli near' ,  ' sag' ,  ' saga'  

and t he  opti onal  ( default =' liblinear' ).  For  s mall  dat asets,  ' libli near'  i s  a good choi ce,  whereas 

' sag'  and ' saga'  are fast er  for  l arge ones. St ochastic Average Gr adi ent(SAG)  met hod opti mi zes  t he 

sum of  a  fi nite nu mber  of  s moot h convex f uncti ons.  Li ke t he st ochastic gradi ent  ( SG)  met hods, 

the SAG met hod' s it eration cost  i s  i ndependent  of  t he nu mber  of  t er ms  in t he sum.  Ho wever, 

by i ncorporati ng a  me mor y of  previ ous  gradi ent  val ues  t he SAG met hod achi eves  a fast er 

convergence rate t han black-box SG met hods.  

It  i s faster t han ot her  solvers  f or large dat asets  when bot h t he nu mber  of  sa mpl es  and t he nu mber 

of feat ures are large.  

 

4. 2. 1. 1 Logi stic regressi on usi ng pri mal predi cti on 

 Precisi on Recall F1-score Support 

Pot ential(1) 0. 83 0. 97 0. 89 6353 

Not pot ential(0) 0. 64 0. 24 0. 35 1647 

 



 Page 44 

 

Tabl e 7:- Accuracy Results for logistic regression usi ng pri mal predi ction 

4. 2. 1. 2 Logi stic regressi on wit h pol y 2 predi cti on 

 Precisi on Recall F1-score Support 

Pot ential(1) 0. 87 0. 97 0. 92 6353 

Not pot ential(0) 0. 77 0. 46 0. 57 1647 

 

Tabl e 8:- Accuracy Results for logistic regression usi ng pol y 2 predi ction 

 

4. 2. 2 Support Vector Machi ne (SVM) Experi ment al result 

 

The Support  vect or  machi ne ( SVM)  i s  a  supervised l earni ng met hod t hat  creat es  i nput -out put 

mappi ng capacities  from a  l ot  of  mar ked preparing i nfor mati on.  Kernel  SVM:  -  It  i s  a  hi gh 

perfor mance on non- direct  r  pr obl e ms  and not  i nfluenced by outliers,  not  sensiti ve t o overfitti ng 

is prone of t his al gorithm and not t he best preference for a large number of feat ures.  

SVM al gorithms use a set  of  mat he matical  functions  t hat  are defi ned as  t he kernel.  The f uncti on 

of  t he kernel is t o t ake data as  i nput  and transfor m it  i nt o t he required f or m.  So me  of  t he co mmon 

kernels  used wit h SVMs  and t heir  uses:  Pol ynomi al  kernel(It  i s  popul ar i n i mage pr ocessi ng), 

Gaussi an kernel(It  i s  a  general-purpose kernel;  used when t here i s  no pri or knowl edge about  t he 

dat a),  Gaussian radi al  basis functi on ( RBF)(It  i s  a general-purpose kernel;  used when t here i s  no 

pri or knowl edge about t he dat a), Lapl ace RBF kernel(It is a general-purpose kernel). 

 

4. 2. 2. 1 SVM wi t h RBF kernel  
 

Radi al  basis f uncti on kernel  ( RBF kernel)   i s  a popul ar kernel function used i n vari ous 

kernelized l earni ng al gorithms.  In particul ar,  it  is commonl y used i n support  vect or  machi ne 

cl assificati on. The ga mmapara met er  i s  t he i nverse of  t he st andard devi ati on of  t he RBF 

kernel ( Gaussian f unction),  whi ch i s  used as a  si mil arit y measure bet ween t wo poi nts. 

Int uiti vel y, a s mall ga mma val ue defi nes a Gaussian functi on wit h a large variance.  
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 Precisi on Recall F1-score Support 

Pot ential(1) 0. 86 0. 98 0. 92 6353 

Not pot ential(0) 0. 85 0. 40 0. 54 1647 

 

Tabl e 9:- Accuracy Results for SVM RBF kernel  

 

4. 2. 2. 2 SVM wi t h Pl oy kernel  
 

Support  vect or  machi nes  (SVMs)  are a set  of  supervised l earni ng met hods  used f or  cl assificati on, 

regressi on and outlier’sdet ecti on. The advant ages  of  support  vect or  machi nes  areEffecti ve i n hi gh 

di mensi onal  spaces. Still effecti ve i n cases  where a nu mber  of  di mensi ons  i s  great er  t han t he 

nu mber of sa mpl es. 

 Precisi on Recall F1-score Support 

Pot ential(1) 0. 86 0. 98 0. 92 6353 

Not pot ential(0) 0. 84 0. 38 0. 52 1647 

 

Tabl e 10:- Accuracy Results for SVM Pol y  kernel  

 

 

4. 2. 3 The experi ment al result usi ng Rando m Forest Cl assifier 
 

 Precisi on Recall F1-score Support 

Pot ential(1) 0. 89 0. 98 0. 93 6353 

Not pot ential(0) 0. 88 0. 52 0. 66 1647 

 

 

Tabl e 11 : Accuracy Results Rando m Forest Classifier 

A r ando m f orest  is  a  Met a esti mat or  t hat  fits  various  decisi on tree cl assifier  on different  sub-

sa mpl es  of  t he dat aset and utilizations  averagi ng t o i mpr ove t he predi cti ve accuracy and 

command over-fitting.  The trai n()  cl ass  met hod buli ds  t his  tree from t he begi nni ng,  begi nni ng 

wi t h t he l eaf  nodes.  It  at t hat  poi nt  refi nes  itself  to mi ni mi ze t he nu mber  of  choi ces  expect ed t o 

get wit h a na me by putti ng t he most enli ght eni ng feat ures at the t op.  
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4. 2. 4 Experi ment al result using XGB Cl assifier 

 

XGBoost is an al gorithm that has recentl y been domi nati ng applied machi ne learni ng and Kaggl e 

competiti ons for struct ured or tabul ar dat a. XGBoost is an i mpl e ment ation of gradient boost ed 

decisi on trees desi gned for speed and perfor mance.  

XGBoost  has  a very useful  functi on called ‘ ‘cv’ ’  whi ch perfor ms  cr oss-vali dati on at  each 

boosti ng iterati on and t hus  ret urns  t he opti mum nu mber  of  trees  required.  Tune tree-specific 

para met ers  (  max_dept h, mi n_chil d_wei ght,  ga mma,  subsa mpl e,  colsa mple_bytree)  f or  deci ded 

learni ng rat e and a  nu mber  of  trees.  XGBoost  has  been l auded as  t he hol y grail  of  machi ne 

learni ng hackat hons  and competiti ons.  Fr om predicti ng ad click-t hrough rates  t o cl assifyi ng hi gh 

energy physi cs events, XGBoost has proved its mettle i n ter ms of perfor mance -- and speed.  

XGBoost  i s  an ense mbl e l earni ng met hod.  Ensembl e l earni ng offers  a  syst e matic sol uti on t o 

combi ne t he predi cti ve power  of  multi ple l earners.  The resultant  is  a si ngle model  whi ch gi ves 

the aggregated out put  fro m several  models.  The models  t hat  for m t he ense mbl e, also known as 

base l earners,  coul d be either  from t he sa me l earni ng al gorit hm or  different  l earni ng al gorit hms. 

Baggi ng and boosti ng are t wo wi del y used ense mbl e learners. 

 Precisi on Recall F1-score Support 

Pot ential(1) 0. 89 0. 97 0. 93 6353 

Not pot ential(0) 0. 83 0. 53 0. 64 1647 

 

Tabl e 12:- Accuracy Results for XGB Cl assifier 

 

4. 3 DI SCUSSI ON OF THE RESULT 

 

The t rai ni ng result  of  the si x models  graphi cally vi sualized i n t he f ollowi ng fi gure 4.  The 

accuracy of  extre me gradient  boosti ng cl assifier  scores74. 94 %)  and Rando m f orest  wit h 

(75. 21 %)  fi nall y t he accuracy of  Logistic Regressi on bot h ( pri mal  and polynomi al)60. 14 % and 

71. 06 % , SVM( Pol y and RBF) 69. 06 %  and 68 %.   .  Fr om t he si x model,  the best  i n Recall  i s  a 

random forest. 
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Fi gure 5: - Model co mparison for all used models 

 

Fi gure 6:- ROC of all models in t he trai ni ng 

Fr om t he above results, our  mai n ai m i s  t o predi ct  pot ential  cust omers  whi ch used f or  best 

servi ce and package pr ovi di ng met hod as  per  t he i mport ance of  t he custo mer  f or  t he busi ness 

hence t he predi ct ed pot ential  cust omer  put  i n t o some sort  of  sche me  i n or der  t o pr ovi de bett er 

servi ce and packages  t o do so t he recall  measure on t he 1' s  i s  of  more import ance t o t he st udy 

than t he overall accuracy score of t he model. 

Fr om t he revi ew of  t he fitted models  above,  t he best  model  t hat  gi ves  a decent  bal ance of  t he 

recall  and precisi on i s  the rando m f orest  where accordi ng t o t he fit  on t he trai ni ng set,  wit h a 

precisi on score on 1' s  of 0. 89,  out  of  all  cust omers t hat  t he model  t hi nks   are pot ential,  89 % do 

act uall y pot ential   and wi th t he recall  score of  0. 98 on t he 1' s,  t he model  i s abl e t o hi ghli ght  98 % 

of all those who are pot ential. 

 

4. 1 Test model predi ction accuracy on test data 

Once after  trai ni ng each model  usi ng trai ni ng dat a and aft er  recei vi ng each model  predi cti ons  t he 

next  re mai ni ng part  is  t o t est  each models  usi ng t est  dat a and co mpare wi th previ ousresults.t he 

trai ni ng dat a has 1996 rows and 17 col umns.  
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RF. predi ct.test     

  Precisi on Recall f1-score 

0 0. 87 0. 98 0. 92 

1 0. 79 0. 38 0. 51 

mi cro avg 0. 86 0. 86 0. 86 

macr o avg 0. 83 0. 68 0. 72 

Wei ght ed avg 0. 85 0. 86 0. 84 

 

Tabl e 13:- model predi ction Accuracy result. 

 

 

 

 

Fi gure 8:- ROC curve of Rando morest 

Fi gure 7 Rando m forest predcton result 



 Page 49 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER FI VE 

CONCLUSI ON AND RECOMMENDATI ON 

5. 1 CONCLUSI ON 

 

The precisi on of  t he model   t est  dat a i s  sli ghtl y higher  wit h regard t o precision.  t hose cust omers 

who subscri be t er m deposit  Ho wever,  i n as  much as  t he model  has  hi gh accuracy,  it  still  mi sses 

about  half  of  t hose who are t er m deposited.  This  coul d be i mpr oved by provi di ng retrai ni ng t he 

model  wit h more dat a over  ti me whil e i n t he meanti me wor ki ng wit h t he model  t o save t he t hat 

woul d be pot ential cust omer.  

In t his  Research,  we  co mpared t he si x models  LR Pri mal,  LR Pl oy2,  SVM wi t h RBF,  SVM wi t h 

Pol y,  RF,  and XGB cl assifiers  and observed ROC curve,  XGB wit h RF Score shown t re mendous 

result.  But  if  you consi der  ot her  feat ures  l abel  li ke precisi on,  recall,  F1 Score t he model s  shown 

the neared t o each ot her   as  we  can see i n t he fi g 11 ROC val ue of  XGB  i s  mor e better  t han wit h 

RF.  Hence we  can conclude t hat  XGB ense mbl e cl assifier  cl assifies  and predict   bett er  t han RF 

and ot hers  t oo.t he fi nal  RF  ROC r esult  i s  67. 67%  but  XGB  scores  79.94 % whi ch i s  a bett er 

result than t he state of art classificati on and prediction al gorithm.  
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 Fi gure 9: Fi nal ROC curve i n test dat a 

 

5. 2 RECOMMENDATI ON&FUTURE WORKS 

 

Fut ure research shall  focus  on usi ng different  ense mbl e met hods,  on t he product  t ypes  rat her  t han 

on t he nu mber  of  pr oducts,  on t he nu mber  of  transacti on eit her  credit  or  debit  transacti on i mpact 

on cl assificati on.  Our  impr essi on i s  t hat    mai nl y on t he cust omer  cl assificati on based on t he 

target  variabl e pot ential  and non- pot ential  here the predi ction of  cust omers  who will  l eave t he 

bank shall be predi cted.  
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ANNEXERS 

# Read t he dat a fra me 

df = pd.read_csv(' I:\ Bank_dat a\ Bank_pot ential 1. csv' , deli mit er =' ,' )$  

df. shape 

 

 

# Check col umns list and missi ng val ues 

df.isnull().sum() 

 

 

# Get uni que count f or each vari abl e 

df. nuni que() 

 

 

 

# Proporti on of Pot ential cust omer and  non pot ential cust omer  

labels = ' Potential', ' Not pot ential'  

sizes = [df. Pot ential[df[' Pot ential' ]==1]. count(), df.Pot ential[df[' Potential' ]==0]. count()] 

expl ode = (0, 0. 1) #used to expl oi de slice from t he circe 

fi g1, ax1 = plt.subpl ots(figsi ze=( 10, 8)) 

ax1. pi e(sizes, expl ode=expl ode, labels=l abels, autopct =' %1. 1f %%' ,  

        shadow=Tr ue, startangl e=90) 

ax1. axis(' equal' ) 

plt.title("Proporti on of Pot ential cust omer and a cust mer wit h -ve response", size = 20) 

plt.show() 

 

 

 

#Pyt hon code whi ch applied t o trai n and test: 

# Split Trai n, test dat a 

df _trai n = df.sa mpl e(frac=0. 8,rando m_st ate=200)  
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df _test = df. drop(df_trai n.index) 

pri nt(len(df_trai n)) 

pri nt(len(df_t est)) 

 

# Arrange col umns by data type f or easi er mani pulation 

conti nuous_vars = [' Nooftransacti on',  ' Age', ' Tenure', ' Bal ance',' NumOf Products', ' yearl yi ncom

e, ' Bal anceyearl yi ncomeati on',' TenureByAge',' Nooftransacti onGi venAge' ] 

cat _vars = [' Has Dt Card' , 'IsActive Me mber',' City', ' Gender' ] 

df _trai n = df _trai n[[' Potenti al' ] + conti nuous_vars + cat _vars] 

df _trai n. head() 

 

# dat a prep pi peli ne for test dat a 

def Df PrepPi peli ne(df_predi ct, df_trai n_Col s, mi nVec, maxVec):  

# Add ne w feat ures 

df _predi ct[' Bal anceyearlyi ncome Rati o' ] = 

df _predi ct. Bal ance/ df_predi ct. Bal anceyearl yi ncome Rati o 

df _predi ct[' TenureByAge' ] = df_predi ct. Tenure/(df _predi ct. Age - 18) 

df _predi ct[' Noof TransactionGi venAge' ] = df_predict. Nooftransacti on/(df_predict. Age - 18) 

# Reor der t he col umns 

conti nuous_vars = 

[' Nooftransacti on' ,' Age' ,'Tenure' ,' Bal ance' ,' Nu mOfProducts',' yearl yi ncri ment al' ,' Bal anceyearl yi nc

o me Rati o' , 

                   ' TenureByAge' ,' Noof Transacti onGi venAge' ] 

cat _vars = [' Has Dt Car d' ,'Is Acti ve Me mber' ,"Cit y", "Gender"]  

df _predi ct = df_predi ct[['Pot ential' ] + conti nuous_vars + cat _vars] 

    # Change t he 0 i n categorical variabl es t o -1 

df _predi ct.loc[df_predi ct. Has Dt Car d == 0, ' Has Dt Car d' ] = -1 

df _predi ct.loc[df_predi ct.Is Acti ve Me mber == 0, ' Is Acti ve Me mber' ] = -1 

    # One hot encode t he cat egorical variabl es 

lst = ["Cit y", " Gender"] 
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    remove = list() 

    for i in lst: 

        for j in df_predict[i]. uni que(): 

df _predi ct[i +' _' +j] = np.where(df_predi ct[i] == j,1, -1) 

re move. append(i) 

df _predi ct = df_predi ct. drop(re move, axis=1) 

    # Ensure that all one hot encoded variabl es t hat appear i n t he trai n dat a appear i n t he 

subsequent dat a 

    L = list(set(df_trai n_Cols) - set(df_predi ct. col umns)) 

    for l in L:  

df _predi ct[str(l)] = -1         

    # Mi n Max scali ng coonti nuous variabl es based on mi n and max from t he trai n dat a 

df _predi ct[conti nuous_vars] = (df_predi ct[conti nuous_vars]- mi nVec)/( maxVec- mi nVec) 

    # Ensure that The variabl es are ordered i n t he sa me way as was ordered in t he trai n set 

df _predi ct = df_predi ct[df_trai n_Col s] 

    ret urn df_predi ct 

#Functi on of t o gi ve best model score and para meter 

def best _model( model): 

    pri nt( model. best _score_)     

    pri nt( model. best _params _)  

    pri nt( model. best _estimat or_) 

def get _auc_scores(y_actual, met hod, met hod2): 

    auc_score = roc_auc_score(y_act ual, met hod);  

    fpr_df, tpr_df, _ = roc_cur ve(y_act ual, met hod2);  

    ret urn (auc_score, fpr_df, tpr_df) 
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# Fit pri mal l ogistic regressi on 

para m_gri d= {' C' : [0. 1, 0.5, 1, 10, 50, 100], ' max_iter': [250], ' fit_i ntercept' :[ True],' intercept _scali n

g' :[1], 

' penalt y' :[' l2' ], 'tol' :[0. 00001, 0. 0001, 0. 000001]} 

log_pri mal _Gri d=Gri dSearchCV( LogisticRegression(sol ver =' l bfgs' ), para m_gri d, cv=10, refit =T

rue, verbose=0) 

log_pri mal _Gri d.fit(df_trai n.l oc[:, df_trai n. col umns! =' pot ential' ], df_trai n. Potential) 

best _model(l og_pri mal _Gri d) 

 

 

Out put  

0. 810375 

{' C' : 0. 1, ' fit_i ntercept' : True, ' intercept _scali ng' : 1, ' max_iter' : 250, ' penalt y': 'l2', 'tol' : 1e-05} 

Logi sticRegressi on( C=0. 1, class_wei ght =None, dual =False, fit_i nt ercept =Tr ue,  

intercept _scali ng=1, max_iter =250, multi _cl ass=' ovr' , n_j obs=1,  

          penalt y=' l 2' , random_st at e=None, sol ver =' lbf gs' , tol =1e-05,  

          verbose=0, war m_start =False) 

 

 

# Fit logistic regressi on wi t h degree 2 pol ynomi al kernel  

param_gri d = {' C' : [0. 1,10, 50], ' max_iter' : [300,500], 'fit_i nt ercept' :[True],'intercept _scali ng' :[

1],' penalty' :['l2' ], 

              'tol':[0. 0001, 0. 000001]} 

pol y2 = Pol ynomi al Features(degree=2)  

df _trai n_pol 2 = pol y2.fit_t ransf or m( df _trai n.loc[:, df _trai n. col umns ! = ' Exited' ]) 

log_pol 2_Gri d = Gri dSearchCV( LogisticRegression(sol ver = 'libli near' ), param_gri d, cv=5, refit

=True, verbose=0) 

log_pol 2_Gri d.fit(df _train_pol 2, df _trai n. Pot enti al) 

best _model(l og_pol 2_Grid) 

 

Out put  

0. 995125 

{' C' : 50, ' fit_i ntercept' : True, ' intercept _scali ng' : 1, ' max_iter' : 300, ' penalt y': 'l2', 'tol' : 1e-06} 

Logi sticRegressi on( C=50, class_wei ght =None, dual =False, fit_i nt ercept =Tr ue,  

intercept _scali ng=1, max_iter =300, multi _cl ass=' ovr' , n_j obs=1,  

          penalt y=' l 2' , random_st at e=None, sol ver =' libli near' , tol =1e-06,  

          verbose=0, war m_start =False) 

 

# Fit SVM wit h RBF Kernel  

para m_gri d = {' C' : [0. 5, 100, 150], ' ga mma' : [0. 1, 0.01, 0. 001],' probability' :[ True],' kernel' : [' rbf' ]} 

SVM_gri d = Gri dSearchCV( SVC(), para m_gri d, cv=3, refit =Tr ue, verbose=0)  
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SVM_gri d.fit(df_trai n.l oc[:, df_trai n. col umns ! = 'Pot ential' ], df_trai n. Pot ential) 

best _model( SVM_gri d) 

 

Out put  

0. 798375 

{' C' : 0. 5, ' ga mma' : 0. 1, ' kernel' : ' rbf' , ' probability' : Tr ue} 

SVC( C=0. 5, cache_si ze=200, class_wei ght =None,  coef0=0. 0,  

decisi on_functi on_shape=' ovr' , degree=3, ga mma=0. 1, kernel =' rbf' , 

max_iter =-1, probabilit y=Tr ue, rando m_st ate=None, shri nki ng=Tr ue,  

tol =0. 001, verbose=False) 

 

 

# Fit SVM wit h pol kernel  

para m_gri d = {' C' :  [0. 5, 1, 10, 50, 100],  ' ga mma ':  [0. 1, 0. 01, 0. 001],' probabilit y' :[ True],' kernel' : 

[' pol y' ],' degree' :[2, 3] } 

SVM_gri d = Gri dSearchCV( SVC(), para m_gri d, cv=3, refit =Tr ue, verbose=0)  

SVM_gri d.fit(df_trai n.l oc[:, df_trai n. col umns ! = 'Pot ential' ], df_trai n. Pot ential) 

best _model( SVM_gri d) 

 

 

 

 

 

Out put  

 

0. 8545 

{' C' : 100, ' degree' : 2, ' gamma' : 0. 1, ' kernel' : ' pol y' , ' probabilit y' : True} 

SVC( C=100, cache_si ze=200, class_wei ght =None, coef0=0. 0,  

decisi on_functi on_shape=' ovr' , degree=2, ga mma=0. 1, kernel =' pol y' , 

max_iter =-1, probabilit y=Tr ue, rando m_st ate=None, shri nki ng=Tr ue,  

tol =0. 001, verbose=False) 

 

 

 

# Fit rando m forest classifier 

. para m_gri d = {' max_dept h' :  [3,  5,  6,  7,  8],  ' max_feat ures' : 

[2, 4, 6, 7, 8, 9],' n_esti mat ors' :[50, 100],' mi n_sa mpl es_split' : [3, 5, 6, 7]} 
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RanFor _gri d = Gri dSearchCV( Rando mForestCl assifier(),  para m_grid,  cv=5,  refit =Tr ue, 

verbose=0) 

RanFor _gri d.fit(df_trai n.loc[:, df_trai n. col umns != ' Pot ential' ], df_trai n. potential) 

best _model( RanFor _gri d) 

 

Out put  

 

0. 863125 

{' max_dept h' : 8, ' max_feat ures' : 9, ' mi n_sa mpl es_split' : 6, ' n_esti mat ors' : 50} 

Rando mForest Cl assifier(bootstrap=Tr ue, class_wei ght =None, criteri on=' gini' , 

max_dept h=8, max_feat ures=9, max_l eaf_nodes=None,  

mi n_i mpurit y_decrease=0. 0, mi n_i mpurit y_split =None,  

mi n_sa mpl es_leaf =1, mi n_sa mpl es_split =6,  

mi n_wei ght _fracti on_l eaf=0. 0, n_esti mat ors=50, n_j obs=None,  

oob_score=False, random_st at e=None, verbose=0,  

war m_st art =False) 

 

 

# Fit Extreme Gradi ent boosti ng cl assifier 

para m_gri d={' max_depth' :[5, 6, 7, 8],' ga mma' :[0. 01, 0. 001, 0. 001],' mi n_child_wei ght' :[1, 5, 10],'lear

ni ng_rat e' :[0. 05, 0. 1, 0. 2, 0. 3],' n_esti mat ors' :[5, 10, 20, 100]} 

xgb_gri d=Gri dSearchCV( XGBCl assifier(), para m_gri d, cv=5,refit =Tr ue, verbose=0) 

xgb_gri d.fit(df_trai n.l oc[:, df_trai n. col umns! =' potential' ], df_trai n. Pot ential) 

best _model(xgb_gri d) 

 

 

Out put  

 

0. 86325 

{' ga mma' : 0. 01, ' learni ng_rat e' : 0. 1, ' max_dept h' : 7, ' mi n_chil d_wei ght' : 5, ' n_esti mat ors' : 20} 

XGBCl assifier(base_score=0. 5, boost er =' gbtree' , colsa mpl e_byl evel =1,  

colsa mpl e_bytree=1, gamma =0. 01, learni ng_rat e=0. 1, max_delta_step=0,  

max_dept h=7, mi n_chil d_wei ght =5, mi ssi ng=None, n_esti mat ors=20,  

n_j obs=1, nt hread=None,  objecti ve=' bi nary:l ogistic' , rando m_st ate=0,  

reg_al pha=0, reg_l a mbda=1, scal e_pos_wei ght =1,  seed=None,  

       silent =Tr ue, subsa mpl e=1) 
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Fit best Models  trained wit h each respecti ve para meters  for all si x model ess 

 

Log. _pri mal.fit(df_trai n.loc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

log_pol 2.fit(df_trai n_pol2, df_trai n. Pot ential) 

SVM_ RBF. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

SVM_POL. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

RF. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

XGB. fit(df_trai n.l oc[:, df_trai n. col umns! =' Pot ential' ], df_trai n. Pot ential) 

Server Inf or mati on: 

You are usi ng Jupyt er notebook.  

 

The versi on of t he not ebook server is: 5. 5. 0 

The server is runni ng on this versi on of Pyt hon:  

Pyt hon 3. 6. 5 | Anaconda, Inc.| (default, Mar 29 2018, 13: 32: 41) [ MSC v. 1900 64 bit ( AMD64)] 

Current Kernel Inf or mation: 

Pyt hon 3. 6. 5 | Anaconda, Inc.| (default, Mar 29 2018, 13: 32: 41) [ MSC v. 1900 64 bit ( AMD64)] 

Type ' copyri ght' , ' credits'  or ' license'  for more i nfor mati on 

IPyt hon 6. 4. 0 -- An enhanced Int eracti ve Pyt hon. Type ' ?'  for hel p.  
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