
Today	  (week	  10)	  in	  IST	  380	  
Selecting	  
features	  +	  
models	  

and	  snacks!	  

Claremont	  International	  Fair	  ~	  Sat.	




Deliverable	  Schedule…	  
Homework	  #8	  (maps	  &	  project,	  part	  1)	  is	  graded…	  

Project	  talks	  will	  be	  on	  Monday	  (4/29)	  

Project,	  part	  2	  is	  due	  this	  Saturday	  (4/20)	  

Clustering	  results	  from	  your	  data	  set	  (or	  subsets)	  

Extra:	  	  “Green-‐screening”	  your	  image…	  

•  Include	  model-‐selection	  and	  testing…	  
•  Include	  initial	  results	  from	  a	  predictive	  model	  

•  Can	  start	  on	  model-‐testing	  (but	  it's	  optional)	  

10-‐15	  minute	  talk	  	  (example	  next	  week…)	  



Project	  schedule	  

Due	  4/13:	  	  choosing	  the	  dataset	  

•  Explain	  the	  dataset	  
•  IniBal	  set	  of	  quesBons	  about	  it	  
•  A	  desired	  predicBve	  model	  
•  Two	  iniBal	  visualizaBons	  (in	  R)	  (read	  the	  data!)	  
•  Run	  an	  iniBal	  SVM,	  NN,	  and	  k-‐NN	  classifier	  
•  Other	  systems	  OK,	  but	  only	  in	  addi&on	  

Due	  4/20:	  	  feature	  selecBon	  and	  exploraBon	  
•  Define	  features/subsets	  of	  your	  data	  
•  Try	  the	  unsupervised	  algorithms	  

hierarchical	  and	  k-‐means	  clustering	  
•  Visualize	  and	  summarize	  the	  results	  

"Due"	  4/27:	  	  model	  selecBon	  /	  predicBve	  modeling	  
•  Decide	  on	  a	  cross-‐validaBon	  strategy	  

10-‐fold,	  models	  to	  check,	  parameters	  to	  test…	  
•  Try	  out	  appropriate	  algorithms	  

linear	  and/or	  logisBc	  regression,	  decision	  trees,	  random	  
forests,	  SVMs,	  NNs,	  and	  k-‐NNs,	  Bme	  series,	  TreeBoost	  

•  Run	  them	  and	  summarize	  the	  results	  
•  Create	  a	  predicBve	  model	  (or	  ensemble)	  

On	  4/29:	  	  final-‐project	  talks	  

4/8:	  analyzing	  Bme	  series	


4/15:	  model	  selecBon	  and	  gradient-‐boosted	  classifiers	


4/22:	  example	  final	  project	  talk	  /	  short	  session	


Final	  project	  report	  due	  5/11/2013	  (No	  class	  5/6/2013)	


No	  need	  to	  submit	  a	  3rd	  write-‐up	  
unBl	  the	  final	  draZ.	  Instead,	  include	  
the	  results	  in	  your	  talk…	


2nd	  write-‐up	  due	  on	  4/20	




R	  path!	  

Subject 
Expertise 

2	  …	  R's	  toolset	  and	  
its	  capabilities…	  

feature-‐selection	  
functions	  (and	  images)	  

3	  

1	  
4	  

We've	  been	  
pulled	  in!	  

5,6	  

cross	  validation	  

TreeBoost	  models…	  

7,8	  
9,10	  



Last	  time:	  	  Project	  datasets	  
Payal:	  	  	  

Lauren:	  	  	  

movie	  recommendation	  data	  

NYC	  school	  performance	  data	  

Joe/Suleng:	  	  	   stock	  data?	  

Jordan:	  	  	   Yelp!	  dataset!	  

Obay:	  	  	   Parallel	  medical	  texts	  

Kareem:	  	  	   Twitter	  data	  



Clustering	  analyses…	  
•  decide	  on	  –	  or	  create	  –	  features	  of	  interest	  

•  include	  at	  least	  two	  sets	  of	  feature	  
combinations,	  i.e.,	  run	  two	  analyses	  

•  plot	  the	  results	  of	  hierarchical	  clustering	  and	  
k-‐means	  

•  if	  you	  do	  have	  labels	  (most	  do)	  –	  then	  compare	  
your	  clustering	  with	  the	  labels!	  

•  natural	  transition	  to	  modeling,	  for	  example,	  with	  
k-‐nearest	  neighbors	  (this	  is	  optional…)	  



Clustering	  examples…	   iris	  dataset	  

•  decide	  on	  –	  or	  create	  –	  features	  of	  interest	  

Sepal	  length	  vs.	  width?	  



Clustering	  examples…	   iris	  dataset	  

•  decide	  on	  –	  or	  create	  –	  features	  of	  interest	  

Sepal	  length	  vs.	  Petal.Width?	  



Clustering	  examples…	   iris	  dataset	  

•  include	  at	  least	  two	  sets	  of	  feature	  
combinations,	  i.e.,	  run	  two	  analyses	  

number	  of	  clusers	  –	  for	  all	  features	  

4	  seems	  unlikely	   3	  seems	  possible	  



Clustering	  examples…	   iris	  dataset	  

•  include	  at	  least	  two	  sets	  of	  feature	  
combinations,	  i.e.,	  run	  two	  analyses	  

number	  of	  clusers	  –	  for	  all	  features	  

4	  seems	  unlikely	  
3	  seems	  reasonable…	  



•  plot	  the	  results	  of	  hierarchical	  clustering	  and	  
k-‐means	  

Clustering	  examples…	   iris	  dataset	  

Sepal	  length	  vs.	  width?	  



•  plot	  the	  results	  of	  hierarchical	  clustering	  and	  
k-‐means	  

Clustering	  examples…	   iris	  dataset	  

Original	  

hclust,	  now	  back	  in	  the	  original	  space…	  
not	  ideal…	  



Clustering	  examples…	   iris	  dataset	  

•  if	  you	  do	  have	  labels	  
(most	  do)	  –	  then	  
compare	  your	  clustering	  
with	  the	  labels!	  Aargh	  –	  the	  labels	  

don't	  match…	  



Clustering	  examples…	   iris	  dataset	  

•  if	  you	  do	  have	  labels	  
(most	  do)	  –	  then	  
compare	  your	  clustering	  
with	  the	  labels!	  Aargh	  –	  the	  labels	  

don't	  match…	  

Rename	  the	  labels	  a	  
couple	  of	  times…	  
	  
or	  a	  small	  function	  will	  
do	  that	  for	  you	  –	  here	  I	  
did	  it	  by	  hand…	  



Clustering	  examples…	   iris	  dataset	  

•  if	  you	  do	  have	  labels	  
(most	  do)	  –	  then	  
compare	  your	  clustering	  
with	  the	  labels!	  

probably	  not	  the	  strongest	  match…	  



Clustering	  examples…	   iris	  dataset	  

•  natural	  transition	  to	  modeling,	  for	  example,	  
with	  k-‐nearest	  neighbors	  (this	  is	  optional…)	  

We'll	  look	  at	  model	  selection	  and	  veriaication	  today…	  



Feature	  deMinition…	  
depending	  on	  your	  dataset,	  you	  may	  beneait	  from	  

carefully	  deaining	  meaningful	  features…	  

Examples:	  
lexical	  density	  feature	  	  	  	  	  	  (Obay	  mentioned	  this…)	  

cool/useful/funny	  	  	  	  	  	  	  	  (Yelp's	  dataset)	  

socioeconomic	  status	  	  	  	  	  	  (NYC	  schools	  dataset)	  

"rating	  context"	  	  	  	  	  	  	  	  (movie-‐ratings	  dataset)	  



Feature	  deMinition…	  

Examples:	  
lexical	  density	  feature	  	  	  	  	  	  (Obay	  mentioned	  this…)	  

cool/useful/funny	  	  	  	  	  	  	  	  (Yelp's	  dataset)	  

often:	  	  write-‐your-‐own	  (or	  gather-‐your-‐own)	  functions	  +	  apply	  them	  

socioeconomic	  status	  	  	  	  	  	  (NYC	  schools	  dataset)	  

"rating	  context"	  	  	  	  	  	  	  	  (movie-‐ratings	  dataset)	  

depending	  on	  your	  dataset,	  you	  may	  beneait	  from	  
carefully	  deaining	  meaningful	  features…	  



Feature-‐deaining…	  
Example	  from	  Payal's	  movie	  dataset…	  

100,000	  rows	  
don't	  use	  them	  all	  until	  

you	  need	  to!	  

user#	   movie#	   rating	  

196	   42	   5	  
301	   16	   2	  
55	   101	   5	  
4	   228	   5	  
196	   15	   4	  
301	   42	   1	  



Write	  a	  small	  function…	  
Example	  from	  Payal's	  movie	  dataset…	  

100,000	  rows	  
don't	  use	  them	  all	  until	  

you	  need	  to!	  

get_user_ave <- function( user# ) 
{ 
  return( average of user#'s ratings ) 
} 

user#	   movie#	   rating	  

196	   42	   5	  
301	   16	   2	  
55	   101	   5	  
4	   228	   5	  
196	   15	   4	  
301	   42	   1	  

pseudocode!	  



Add	  new	  columns	  
Example	  from	  Payal's	  movie	  dataset…	  

100,000	  rows	  
don't	  use	  them	  all	  until	  

you	  need	  to!	  

user#	   movie#	   rating	   user_ave	  

196	   42	   5	  
301	   16	   2	  
55	   101	   5	  
4	   228	   5	  
196	   15	   4	  
301	   42	   1	  

4.5	  
1.5	  
3.1	  
4.9	  
4.5	  
1.5	  

get_user_ave <- function( user# ) 
{ 
  return( average of user#'s ratings ) 
} pseudocode!	   "SQL	  queries,"	  all	  pre-‐

fetched.	  Others?	  



Pixel-‐features…	  

need	  a	  function	  to	  distinguish	  green	  from	  everything	  else…	  

image-‐handling	  in	  R	  



Pixel-‐features…	  

need	  a	  function	  to	  distinguish	  green	  from	  everything	  else…	  

getting	  a	  single	  pixel…	  

out	  of	  1.0	  (also,	  often	  0	  to	  255)	  

low-‐res:	  	  400x300	  



Pixel-‐feature	  examples…	  

What's	  green?	  

Look	  at	  many	  pixels…	  
Give	  examples	  &	  learn…	  



Pixel-‐feature	  examples…	  
RGB	  is	  not	  an	  ideal	  representation	  for	  deaining	  a	  single	  "color"	  

www.flashandmath.com/advanced/color/	  



Pixel-‐feature	  examples…	  
HSV	  tips	  the	  RGB	  cube	  "on	  its	  axis"	  and	  converts	  it	  to	  a	  cone	  

You	  don't	  have	  to	  invent	  your	  features	  –	  use	  well-‐established	  ones	  (if	  they	  exist)!	  



Hue	  ~	  color	  name	  

Color	  is	  
circular!	  



Saturation	  is	  color	  intensity	  

sat	  <	  0.75	  

sat	  >	  0.75	  



Color	  choosers…	  



Pixel-‐feature	  examples…	  

What's	  green?	  

Look	  at	  many	  pixels…	  
Give	  examples	  &	  learn…	  

1	   2	   3	   4	  

5	  

6	   7	  

8	  



RGB	  
The	  original	  data,	  shown	  
as	  different	  image	  bands	  

in	  grayscale:	  

Why	  are	  these…	  ?	  

red	   green	   blue	  

original	  



HSV	  
The	  original	  data,	  shown	  
as	  different	  image	  bands	  

in	  grayscale:	  

Why	  are	  these…	  ?	  

hue	   sat	   value	  

original	  



HSV	  together…	  

The	  R	  calls	  that	  created	  
the	  previous	  slides'	  
grayscale	  images:	  

This	  is	  not	  really	  
meaningful…	  









Green	  Screen	  (red)	  

didn't	  catch	  all	  of	  the	  green…	   better!	  



Green	  Screen	  (red)	  

a	  start…	  



Background…	  



Green	  Screen	  

see-‐through	  shirt!	   better	  –	  but	  not	  perfect!	  

hair	  needs	  some	  work!	  



Raw	  material…	  



Raw	  material…	  



Pixel-‐feature	  examples…	  

Let's	  see	  about	  this…	  

…	  maybe	  next	  time.	  



Model	  selection	  

•  split-‐sample	  

•  cross-‐validation	  

•  bootstrap	  validation	  



Model	  selection	  

•  split-‐sample	  
Set	  aside	  a	  porBon	  of	  your	  
data	  (~30%)	  	  for	  tesBng.	  

Use	  the	  rest	  for	  training…	  

TRAIN	   TEST	  

Not	  typical	  except	  when	  the	  
TEST	  data	  is	  collected	  later…	  



Model	  selection	  

•  cross-‐validation	  
Use	  split-‐sample	  tesBng…	  

…with	  many	  possible	  splits!	  

TRAIN	   TEST	  

TRAIN	  TEST	  

TEST	   TRAIN	  TRAIN	  



CV	  operation…	   Consecutive	  



CV	  types…	  
Consecutive	  

Interleaved	  

Each	  with	  K=5	  "folds"	  



CV	  types…	  
Consecutive	  

Interleaved	  

Each	  with	  K=5	  "folds"	  
For	  a	  dataset	  with	  nrow=150	  observations	  

library(cvTools) 



CV	  in	  R…	  

Consecutive	  

can	  handle	  any	  model	  you'd	  like…	  

library(cvTools) 



CV	  in	  R…	  

NNets,	  for	  example,	  use	  compute 

can	  handle	  any	  prediction	  function	  you'd	  like…	  



CV	  in	  R…	  

RMSE	  

can	  handle	  any	  error	  you'd	  care	  to	  deaine…	  

MAE	  

RTMSE	  



CV	  in	  R…	  

10-‐fold	  cross-‐validation	  for	  iris	  data…	  thoughts?	  

iris	  
data	  



CV	  in	  R…	  

iris	  
data	  

10-‐fold	  interleaved	  cross-‐validation	  



CV	  in	  R…	  

sample(1:4)	  

add	  randomness	  using	  sample	  



Model	  selection…	  
comparing	  linear	  model	  vs.	  NN	  

NN	  ~	  average	  RMSE	  =	  0.231	  Lin.	  ~	  average	  RMSE	  =	  0.272	  	  

and	  the	  NN	  didn't	  use	  the	  species!	  



Model	  selection…	  
need	  a	  different	  function	  for	  NNets	  

the	  NN	  didn't	  use	  the	  species!	  
parameters	  

special	  "predict"	  function	  

but,	  how	  do	  we	  know	  what	  parameters	  to	  choose?	  



Model	  selection…	  
Even	  more	  common	  for	  parameter	  tuning…	  

NN	  ~	  average	  RMSE	  =	  0.231	  

5	  hidden	  neurons	  ~	  1	  layer	  

NN	  ~	  average	  RMSE	  =	  0.233	  

6	  hidden	  neurons	  ~	  2	  layers	  



Model	  selection…	  

NN	  ~	  average	  RMSE	  =	  0.231	  

5	  hidden	  neurons	  ~	  1	  layer	  

NN	  ~	  average	  RMSE	  =	  0.233	  

6	  hidden	  neurons	  ~	  2	  layers	  

Even	  more	  common	  for	  parameter	  tuning…	  



Model	  selection…	  

knn	  ~	  average	  accuracy	  =	  96%	  

For	  classi9ication,	  you	  can	  measure	  accuracy	  rates…	  

or	  you	  can	  weight	  false	  
positives	  and	  false	  

negatives	  differently…	  



Gradient-‐boosted	  trees…	  

similar	  –	  in	  spirit	  –	  to	  random	  forests	  

as	  good	  (or	  better)	  than	  random	  forests	  

…	  	  but	  also	  provides	  a	  measure	  of	  importance	  of	  the	  variables	  involved	  

one	  more	  model	  worth	  mentioning	  (at	  least!)…	  

Mights!	  

You're	  successful	  when	  everyone	  claims	  you've	  contributed	  almost	  nothing	  at	  all…!	  



Gradient-‐boosted	  trees…	  

similar	  –	  in	  spirit	  

as	  good	  (or	  better)	  than	  random	  forests	  

also	  provides	  a	  measure	  of	  importance	  of	  the	  variables	  involved	  

one	  more	  model	  worth	  mentioning	  (at	  least!)…	  



Gradient-‐boosted	  trees…	  
proposed	  by	  Friedman	  (Stanford)	  ~	  2000	  



Gradient-‐boosted	  trees…	  
We'll	  use	  the	  version	  from	  the	  patent	  filing…	  



Gradient-‐boosted	  trees…	  
We'll	  use	  the	  version	  from	  the	  patent	  filing…	  



Gradient-‐boosted	  trees…	  
We'll	  use	  the	  version	  from	  the	  patent	  filing…	  

Start	  with	  a	  constant…	  

For	  the	  "right"	  number	  of	  
iteraBons…	  

Compute	  the	  
errors	  for	  a	  
bootstrapped	  

subset	  of	  the	  data	  

Fit	  a	  tree	  that	  explains	  
those	  errors	  as	  well	  as	  

possible!	  

Add	  a	  fracBon	  of	  that	  
tree	  into	  the	  overall	  
model,	  i.e.,	  improve!	  

repeat	  unBl	  you're	  
overfifng…	  



Gradient-‐boosted	  trees…	  
in	  pracBce…	  



Gradient-‐boosted	  trees…	  

formula	  

n.trees	  

tree	  size	  

what	  you're	  fifng	  
Gaussian	  for	  conBnuous	  

Bernoulli	  for	  binary	  values	  



Gradient-‐boosted	  trees…	  



Predicting…	  



Other	  examples…	  



Model	  comparisons…	   Where	  would	  you	  put	  	  
•  k-‐nearest	  neighbors	  
•  support	  vector	  machines	  
•  decision	  trees	  
•  gradient	  boosted	  trees	  
	  

excellent	  

moderate	  

poor	  perf.	  



Model	  comparisons…	   gradient	  boosted	  trees	  



Model	  comparisons…	  

"sensitive	  to	  
individual	  data	  

points"	  

"strong	  
assumptions	  
about	  the	  ait"	  



Model	  comparisons…	  

"sensitive	  to	  
individual	  data	  

points"	  

"strong	  
assumptions	  
about	  the	  ait"	  

wiggly	  /	  lots	  of	  
parameters	  

@lat	  /	  fewer	  
parameters	  

k-‐nn	  

linear	  



Now	  choose	  a	  model…	  

More	  data	  
will	  

improve	  
things!	  



Now	  choose	  a	  model…	  

More	  
data	  
will	  
NOT	  
help!	  
features!	  



Project	  schedule	  

Due	  4/13:	  	  choosing	  the	  dataset	  

•  Explain	  the	  dataset	  
•  IniBal	  set	  of	  quesBons	  about	  it	  
•  A	  desired	  predicBve	  model	  
•  Two	  iniBal	  visualizaBons	  (in	  R)	  (read	  the	  data!)	  
•  Run	  an	  iniBal	  SVM,	  NN,	  and	  k-‐NN	  classifier	  
•  Other	  systems	  OK,	  but	  only	  in	  addi&on	  

Due	  4/20:	  	  feature	  selecBon	  and	  exploraBon	  
•  Define	  features/subsets	  of	  your	  data	  
•  Try	  the	  unsupervised	  algorithms	  

hierarchical	  and	  k-‐means	  clustering	  
•  Visualize	  and	  summarize	  the	  results	  

Due	  4/27:	  	  model	  selecBon	  /	  predicBve	  modeling	  
•  Decide	  on	  a	  cross-‐validaBon	  strategy	  

10-‐fold,	  leave-‐one-‐out,	  parameters	  to	  test…	  
•  Try	  all	  of	  the	  appropriate	  algorithms	  

linear	  and/or	  logisBc	  regression,	  decision	  trees,	  random	  
forests,	  SVMs,	  NNs,	  and	  k-‐NNs	  

•  Run	  them	  and	  summarize	  the	  results	  
•  Ensemble	  vs.	  single-‐algorithm	  choice	  

On	  4/29:	  	  final-‐project	  talks	  

4/8:	  analyzing	  Bme	  series	  

4/15:	  model	  selecBon	  and	  gradient-‐boosted	  classifiers	  

4/22:	  example	  final	  project	  talk	  /	  short	  session	  

Final	  project	  report	  due	  5/11/2013	  (No	  class	  5/6/2013)	  

Good	  luck	  ~	  

let's	  chat!	  



Extra	  challenge:	  	  	  	  what	  colors	  are	  behind	  and	  under	  the	  can?	  



Project,	  part	  1:	  	  Data!	  

Reminder:	  it's	  due	  this	  SAT,	  not	  Tue.	  



Model	  selection	  

Which	  one	  do	  I	  choose?	  

Linear	  Regression	  
Logistic	  Regression	  

Linear	  Regression	  
Logistic	  Regression	  

Custom-‐built	  functions	  



High-‐level	  considerations	  

Which	  one	  do	  I	  choose?	  

Linear	  Regression	  
Logistic	  Regression	  

Linear	  Regression	  
Logistic	  Regression	  

Custom-‐built	  functions	  

See	  tabs	  at	  HMC…	  



Cross-‐validation	  

Which	  one	  do	  I	  choose?	  

Linear	  Regression	  
Logistic	  Regression	  

Linear	  Regression	  
Logistic	  Regression	  

Custom-‐built	  functions	  

See	  tabs	  at	  HMC…	  



Which model? How	  much	  do	  you	  
trust	  your	  data?	  

if	  you	  trust	  the	  data	  
100%	  (no	  model	  at	  all!)	  

if	  you	  trust	  the	  fit	  much	  
more	  than	  the	  data…	  



Which model? How	  much	  do	  you	  
trust	  your	  data?	  

intermediate	  posiBons…	  



Which model? How	  much	  do	  you	  
trust	  your	  data?	  

intermediate	  
posiBons:	  SVM…	  



Good luck with Hw#7! 

and as a reminder: it's due on Sat. 


