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Abstract: 
 

Recently,  the  Web,  globally  and  within  intranets,  has  been  expanding  
both  in  the  size  of  the  information  space  and  in  the  number  of  the  
users  of  that  space.  As  a  result,  the  task  of  locating  relevant  
information  and  navigating  that  space  in  order  to  make  choices  of  good  
items  has  been  providing  more  and  more  difficult  Most  recommender  
systems  use  Collaborative  Filtering  (CF)  or  Content-based  (CB)  methods  
to  predict  new  items  of  interest  for  a  user.  While  both  methods  have  
their  own  advantages,  but  individually  they  fail  to  provide  good  
recommendations  in  many  situations.,  a  hybrid  recommender  system  can  
overcome  these  short-comings,  by  incorporating  components  from  both  
content  and  collaboration  methods  and  combine  them  These  approaches  
use  a  content-based  predictor  to  enhance  existing  user  data,  and  then  
provides  personalized  suggestions  through  collaborative  filtering  So  
Content  Boosted  Collaborative  Filtering  performs  better  than  a  pure  
collaborative  filter  and  pure  content-based  predictor,  and  also  improve  
the  performance  of  this  hybrid  system. 
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1.  Introduction: 
There  have  been  efforts  to  automate  filtering  of  relevant  information  and  
presenting  organized  information  to  the  user.  Such  automated  methods,  
commonly  referred  to  as  intelligent  information  retrieval  are  used  to  locate  and  
retrieve  information  with  respect  to  a  user‘s  individual  preferences  [1].  One  
key  area  to  achieve  this  goal  is  targeted  around  recommender  systems  (RS)  An  
RS  is  an  agent-based  system.  Recommender  systems  solve  information  overload  
by  using  personalized  suggestions  based  on  a  history  of  a  user's  likes  and  
dislikes.  As  all  on-lines  provide  recommending  services  in  an  ever-increasing  
number  of  e-commerce  sites  such  as  Amazon  [2]  for  books,  Movie  Lens  [3],  
for  movies,  There  are  two  different  approaches  to  build  recommender  systems  
are  Content-based  (CB)  Collaborative  Filtering  (CF)  recommending. 
 
1.1  Content-Based  System 
This  approach  recommends  items  that  are  similar  in  content  to  items  the  user  
has  liked  in  the  past,  or  matched  to  attributes  of  the  user.The  main  assumption  
under  content-based  approaches  is  that  an  item  or  document  can  be  identified  
by  a  set  of  features  extracted  directly  from  their  content.  content-based  
recommendation  techniques  are  special  cases  of  information-based  techniques;  in  
the  way  that  they  attempt  to  make  predictions  based  on  the  analysis  of  the  
items  associated  with  them  In  [4]  look  at  all  items  a  user  has  rated  in  the  
past  and  determines  how  similar  they  are  to  the  current  item.  For  those  items  
that  are  similar  enough,  the  old  ratings  are  used  to  calculate  a  predicted  rating  
for  the  unrated  item.  Provide  recommendation  by  comparing  representations  of  
content  contained  in  an  item  to  the  content  that  interests  the  user 
 
1.2  Collaborative  System 
CF  is  the  method  which  automatically  predicts  the  interest  of  an  user  by  
collecting  rating  information  from  other  similar  users  or  items,  without  any  
descriptive  data  in  a  given  domain  and  make  differences  and  similarities  
among  several  users  (or)  items  in  determining  how  to  recommend.  The  
underlying  assumption  of  CF  is  that  the  active  user  (the  user  that  the  
prediction  refers  to)  will  prefer  those  items  which  the  similar  users  prefer.  
Once  all  the  user  profiles  have  been  collected,  the  active  user‘s  similarities  
with  the  remaining  of  the  users  are  calculated.  Similarity  is  usually  computed  
to  user/item  by  comparing  rating-vectors  with  distance  metrics,  e.g.  Pearson  
correlation  while  in  users  similarity  the  group  (neighborhood)  of  the  users  that  
are  most  similar  to  the  active  user  is  selected  and  their  ratings  are  combined  
to  produce  predictions.  Predictions  of  ratings  may  typically  lead  to  the  
presentation  of  a  top-n-list  of  the  most  relevant  items  [5]   
 CF  has  some  great  advantages  over  CB.  Firstly,  CF  can  perform  in  
domains  where  the  content  is  difficult  for  a  computer  to  analyze  ideas;  
opinions  etc.  next  CF  system  has  the  ability  to  recommend  items  that  are  
relevant  to  the  user,  but  not  the  content  from  user’s  profile.  Because  of  these  
issues,  CF  systems  have  been  used  successfully  to  build  recommender  systems  
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in  various  applications  [6].However  CF  suffer  from  two  problems 
 The  process  of  finding  better  neighbors  among  the  users  is  a  challenge  if  
users  are  rated  to  very  less  movies.  This  leads  to  Sparsity  states  that  most  
users  do  not  rate  most  items  and  hence  the  user-item  rating  matrix  is  typically  
very  sparse.  Therefore  the  probability  of  finding  a  set  of  users  with  
significantly  similar  ratings  is  usually  low.  This  is  often  the  case  when  systems  
have  a  very  high  item-to-user  ratio.  This  problem  is  also  very  significant  when  
the  system  is  in  the  initial  stage  of  use,  and  also  a  First-rater  Problem  where  
movie  cannot  be  recommended  unless  a  user  has  rated  it  before. 
 To  overcome  the  CF  drawbacks,  a  new  hybrid  approach  Content-Boosted  
Collaborative  Filtering  (CBCF)  is  used  in  movie  recommendations  and  show,  
this  approach  performs  better  than  both  pure  CF  and  CB  systems 
 
 
2.  SYSTEM  DESCRIPTION 
The  URLs  provided  in  the  Movie  lens  dataset  downloaded  movie  content  from  
IMDB.The  Movie  lens  dataset  provides  the  user-ratings  matrix;  of  users  versus  
items,  each  row  of  this  matrix  is  a  user  ratings  vector.  Where  most  items  have  
not  been  rated  by  most  users.  The  user-ratings  matrix  is  very  sparse,  it  then  
fills  in  the  missing  values  of  the  rating  matrix  with  the  predictions  of  the  
content  predictor  to  form  a  pseudo  rating  matrix,  in  which  user  ratings  are  
kept  untouched  and  missing  ratings  are  replaced  by  the  content  predictor.  It  
then  makes  predictions  over  the  resulting  pseudo  ratings  matrix  using  a  
weighted  Pearson  correlation-based  CF  algorithm,  and  then  an  active  user's  
predictions  are  made  for  a  new  item  using  CF  on  full  pseudo  ratings  
matrix.The  overview  of  system  is  shown  in  Fig1 

 

 
Figure  1:  System  overview 
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2.1  Movie  Lens  Dataset 
To  demonstrate  the  working  of  hybrid  approach  in  the  domain  of  movie  
recommendation,  a  user-movie  rating  is  provided  by  the  Movie  lens  dataset.  
The  contents  of  each  movie  are  downloaded  from  IMD  [7]  The  representation  
of  the  content  information  of  every  movie  is  as  a  set  of  slots  (features).  Each  
slot  is  represented  simply  as  a  bag  of  words.  The  slots  that  use  for  the  Movie  
lens  dataset  are:  movie  title  and  type. 
 
2.2  Pure  Content  based  Predictor 
The  content-boosted  CF  algorithm  uses  naive  Bayes  as  the  content  classifier,  it  
then  fills  in  the  missing  values  of  the  rating  matrix  with  the  predictions  of  the  
content  predictor  to  form  a  pseudo  rating  matrix  A  naive  Bayes  classifier  
requires  a  small  amount  of  training  data  to  estimate  the  parameter  necessary  
for  classification[8].   
 To  provide  content-based  predictions  the  prediction  task  is  treated  as  a  text-
categorization  problem  and  the  movie  content  information  as  text  documents,  
and  user  ratings  1-5  as  one  of  five  class  labels.  A  bag-of-words  naive  
Bayesian  text  classifier  [9]  is  implemented  to  learn  a  user  profile  from  a  set  
of  rated  movies  i.e.  labeled  documents.   
 A  multinomial  text  model  [10],  document  is  used  as  sequence  of  words  
drawn  from  the  same  vocabularyV.  The  naive  Bayes  assumption  states  that  the  
probability  of  each  word  event  is  dependent  on  the  document  class  but  
independent  of  the  word's  context  and  position.  For  each  class  ௝ܿ,  and  word  
(token),  ߱௞ ∈V,  the  probabilities,  P  ( ௝ܿ)  and  P  (߱௞| ௝ܿ)  must  be  observed  from  
the  training  data.  Then  the  posterior  probability  of  each  class  given  a  
document  D  is  computed  using  Bayes  rule   

 P  ( ௝ܿ|D)= (    (1) 
 
 |D|  is  the  number  of  words  in  the  document  and  where    is  the  word  
in  the  document.  In  the  document  P(D)  can  be  neglected  since  it  is  constant,  
documents  dm  represent  movies  vector  one  for  each  slot,  P( ,  )  is  the  
probability  of  given  the  category  and  the  slot  of  each  word  must  be  estimated  
for  a  movie,  F  computed  using  the  posterior  category  probabilities,   

 P( F)=    (2)   
 
 Where  S  is  the  number  of  slots.  (    denotes  the  slot)  and   is  the    
word  in  the    slot.  The  class  with  the  highest  poster.ior  probability  
determines  predicted  rating.  Laplace  smoothing  [11]  is  used  to  avoid  zero  
probability  estimates. 
 
Algorithm  1:  Content  Based  Predicator 
Train  Naive  Bayes  (Movies,  C) 
Each  movie  in  Movies  is  a  vector  of  bag-of-words  and  a  category  
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corresponding  to  a  1-5  rating.  Each  bag  of  bag-of-words  corresponds  to  a  slot  
like  title.  This  function  estimates  the  probability  terms  P  ( ,  ),  describes  
the  probability  that  a  randomly  drawn  word  from  a  slot    in  a  movie  in  
class    will  be  the  word    is  value  for  each  class  label  j  which  are  subsets  
from  Movies  documents 
 1  To  calculate  class  priors,  P  ( )   
   is  value  for  each  class  label  j   

 Which  are  subsets  from  Movies  document 

 P( )      C  is  the  set  of  all  possible  classes 

 2  2  Calculate  conditional  probabilities,   
 P  ( ,  )  for  each  slot ,   

     set  of  all  distinct  words   
 occur  in  slot    all  movies 
 For  each  possible  class    n total  number  of  distinct  word  positions  in  

     

 For  each  word,    in     
     Number  of  times  same  word  occurs  in   

 P  ( )    

 
2.3  Pure  Collaborative  Filtering 
A  pure  collaborative  filtering  component  is  implemented  using  a  neighborhood-
based  algorithm  [12].  The  algorithm  produces  recommendations  list  for  active  
user  according  to  the  view  of  other  users.  CF  recommendation  system  use  
statistical  techniques  to  search  the  nearest  neighbors  of  the  active  user  and  
then  basing  on  item  rating  rated  by  the  nearest  neighbors  to  predict  the  item  
rating  rated  by  active  user,  then  produces  recommendation  list 
 In  neighborhood-based  algorithms,  a  subset  of  users  is  chosen  based  on  
their  similarity  to  the  active  user,  and  a  weighted  combination  of  their  ratings  
is  used  to  produce  predictions  for  the  active  user.  The  algorithm  follows  as  1  
Weight  all  users  with  respect  to  similarity  with  the  active  user. 
 Similarity  between  two  users  is  measured  as  the  Pearson  correlation  
between  their  rating  vectors. 

 =    (3)   

    is  the  rating  to  item  i  by  user  a;    is 
mean  rating  by  user  a. 
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Select  n  users  that  have  the  highest  similarity  with  the  active  user.  
These  users  form  the  neighborhood  and  n  users  are  selected,  that  have  the  
highest  profile  similarity  with  active  user  a.  These  users  constitute  the  
neighborhood  of  active  user  a 
 Compute  a  prediction  from  a  weighted  combination  of  the  selected  
neighbors'  ratings. 
 The  weighted  predictions  are  computed  as  the  weighted  average  of  
deviations  from  the  neighbor's  mean: 

 =    (4) 
 
 Where    is  the  prediction  for  the  active  user  a  for  item  i. ,  is  the  
similarity  between  users  a  and  u.  n  is  the  number  of  users  in  the  
neighborhood.  n  is  the  number  of  users  in  the  neighborhood.  Here  
neighborhood  size  is  of  25,  [15]. 
 Collaborative  filtering  would  not  perform  well,  if  a  high  correlation  with  
his  neighbors  was  based  on  very  few  co-rated  items.  To  eliminate  those  bad  
predictors  the  correlation  is  multiplied  with  a  significance  weighting  factor  

the  number  of  items  users  a  and  u  have  co-rated. 

    (5) 

 
 
3  Content-Boosted  Collaborative  Filtering 
CBCF  developed  to  overcome  the  problems  with  CF  and  CB.  The  Content-
Based  predictions  used  to  “convert  a  sparse  user  ratings  matrix  into  a  full  user  
ratings  matrix.”  creating  a  pseudo  user  ratings  vector  for  every  user  u  in  the  
dataset.  The  pseudo  user-ratings  vector,  vu  consists  of  the  item  ratings  provided  
by  the  user  u,  and  those  predicted  by  the  content-based  predictor. 

 ʋu,  i==    
 
 In  the  above  equation  qu,  i  denotes  the  actual  rating  provided  by  user  u  for  
item  i,  while  pu,  i  is  the  rating  predicted  by  the  pure  content-based  system  
gives  the  dense  pseudo  ratings  matrix  V.Then  apply  the  collaborative  filtering  
on  this  dense  matrix  to  compute  recommendations,  similarity  between  the  
active  user  and  another  user  is  computed  using  the  Pearson  correlation  
coefficient  described  in  Equation3   
 
3.1.  Harmonic  Mean  Weighting 
To  have  fair  correlations  between  active  user  and  other  users.  Pseudo  user-
ratings  vector  depends  on  the  number  of  movies  user  has  rated.  If  the  user  
rated  many  items,  the  content-based  predictions  are  good  and  hence  his  pseudo  
user-ratings  vector  is  fairly  accurate.  If  the  user  rated  only  a  few  items,  the  
pseudo  user-ratings  vector  will  not  be  as  accurate.  Then  inaccuracy  shows  
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misleading.  So  to  incorporate  accuracy  in  the  correlations,  weights  them  using  
the  Harmonic  Mean  weighting  factor  (HM  weighting). 

   ;     

   No  of  items  user  i  rated 
 
 The  harmonic  mean  tends  to  bias  the  weight  towards  the  lower  of  the  two  
values    and  .To  the  HM  weight,  add  the  significance  weighting  described  
in  equation  5,  and  thus  obtain  the  hybrid  correlation  weight   
 .  = +.     (6)   
 
3.2  Self  Weighting 
Prediction  for  the  active  user  is  computed  as  a  weighted  sum  of  the  mean-
centered  votes  of  the  best-n  Neighbors  of  that  user.  Pseudo  active  user  is  
added  to  the  neighborhood,  to  increase  the  confidence  of  pure-content  
predictions  for  the  active  user.  By  incorporating  a  Self  Weighting  factor  in  the  
final  prediction:   
 =    (7)   

     is  the  number  of  items  rated  by  active  user  value  for  max  is  2. 
 
3.3  Producing  Predictions  to  active  user 
Combining  the  above  two  weighting  schemes,  the  final  CBCF  prediction  for  
the  active  user  a  and  item  i  is  produced  as  follows 

      (8)   

 
     Corresponds  to  the  pure-content  predictions  for  the  active  user  and  
item  i.    is  the  pseudo  user-rating  for  a  user  u  and  item  i  and    is  the  
mean  over  all  items  for  that  user. ,    and   are  in  Equations  7,  6  and  
3  respectively;  n  is  the  size  of  neighborhood.  The  denominator  is  normalization  
factor  ensures  all  weights  sum  to  one. 
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4  Results 

 

 

 
 
 To  obtain  results  most  widely  used  metrics  in  CF  are  available.For  
accuracy  of  a  prediction  algorithm  statistical  accuracy  is  used.  Statistical  
accuracy  metrics  evaluate  the  accuracy  of  a  predictor  by  comparing  predicted  
values  with  user-provided  values.  To  measure  statistical  accuracy  we  use  the  
mean  absolute  error  (MAE)  metric  which  computes  the  average  of  the  absolute  
difference  between  the  predictions  and  true  ratings 

 MAE=  
 
 Where  n  is  the  total  number  of  ratings  over  all  users,    is  the  predicted  
rating  for  user  ݅  on  item  ݆,  and    is  the  actual  rating.  The  lower  the  MAE,  
better  the  prediction. 
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Table  1:  MAE 
 

Neighbor 
size 

5 10 
10 

15 
 

20 
 

25 30 

MA  E 0.92 0.89 0.867 0.835 0.821 
0.821 
0.821 
0.821 

0.793 

 
Table  2:  Summary  of  Results 

 
  Algorithm   MAE 
  Content-based     0.913 
  Collaborative  filtering   0.837 
  Content-boosted  CF   0.791 

 

 
Figure  2  Comparison  Of  Algorithms 

 
 
5  CONCLUSIONS 
Appling  content  information  into  collaborative  filtering  can  significantly  
improve  predictions  of  a  recommender  system.  In  this  paper  we  have  shown  
how  Content-boosted  Collaborative  Filtering  performs  significantly  better  than  a  
pure  content-based  predictor  and  collaborative  filtering,  It  overcomes  the  
disadvantages  of  both  collaborative  filtering  and  content-based  methods,  by  
support  of  CF  with  content  and  vice  versa.  Further,  due  to  the  nature  of  the  
approach,  any  improvements  in  collaborative  filtering  or  content-based  
recommending  can  be  easily  exploited  to  build  a  more  powerful  system. 
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