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• The most influencing and active data science
platform

• 500, 000 data scientists from 200 countries
• Partnered with big names such as Google,

Facebook, Microsoft, Amazon, Airbnb,
NASA, and ….

• Cradle of pioneered algorithms and
approaches that re now being widely used by
industries









§ Winners’  interviews



https://CRAN.R-‐project.org/view=MachineLearning

§ scikit-‐learn:  general  purpose  of  machine  learning

§ scipy,  pandas,  numpy,  matplotlib

§ xgboost(dmlc)  &  lightgbm(microsoft)

§ Keras (tensorflow &  theano),  mxnet,  torch,  caffe

§ pyspark:  big  data



• Then,  good  luck  …



Training  dataset
Test  dataset

(public  leaderboard)
Test  dataset

(private  leaderboard)

• Judging  the  performance  of  your  learning  model

• Should  trust  CV  more  than  public  LB.

• Final  rank!

• Differ  from  public  leaderboard  (overfitting!)



http://blog.kaggle.com/2016/07/21/approachi
ng-‐almost-‐any-‐machine-‐learning-‐problem-‐
abhishek-‐thakur/

Don’t  get  afraid!







• Be  careful  with  removal  of  any  feature!







Key  Procedure!

Feature  engineering:  60  ~  80%

Algorithm  improvement:  20  ~  40%

Simple  model,  best  model!



Key  Procedure!

Features

Feature  
Extraction

Data  
Transformation

Feature  
Encoding Feature  

Construction

Feature  
Selection



Bag of words: [ "John", "likes", "to", "watch", "movies", "also", 
"football", "games", "Mary", "too" ]

Sentence (1): [1, 2, 1, 1, 2, 0, 0, 0, 1, 1] 
Sentence (2): [1, 1, 1, 1, 0, 1, 1, 1, 0, 0]



Ref:  https://www.kaggle.com/c/word2vec-‐nlp-‐tutorial



http://cs231n.github.io/convolutional-‐networks/



• Avoid  dominance  of  features  with  large  numerical  values

• Speed  up  the  gradient  descent  training

• Improve  the  performance  greatly  for  some  models

• Python  scikit-‐learn:  MinMaxScaler,  StandardScaler



• Models  that  are  sensitive  to  rescaling:    distance  sensitive  models!

• Regularized  linear  models

• KNN

• SVM

• K-‐Means

• Models  that  are  NOT  sensitive  to  rescaling:

• Tree  based  methods

• Naive  Bayes



• When  variable  shows  a  skewed  distribution:  “symmetry  broken”  

• Normal  distribution

• Methods:  sqrt(x+n),  log(x+n),  box-‐cox;

• Exploratory  data  analysis

http://support.sas.com/documentation/cdl/en/stsug/62259/HTML/default/viewer.htm#ugvartransform.html





• Better  option!

• pandas  dummy  variable  or  scikit-‐learn:  OneHotEncoder

One  hot  encoding





• Always  with  attention  to  drop  any  feature!



• Hard  work,  creativity  &  luck!







Basic  information  of  the  dataset:

• Training  data:  (188318,  132)

Test  data:  (125546,  131)

• 130  raw  features

• 116  categorical  features

• 14  numerical  features

• No  missing  values  in  all  the  raw  data.  J

• However    …  L



For  skewed  numerical  features:

1. scipy.boxcox();  scipy.skew()

2. sqrt(sklearn.preprocessing.minmax_scale())



OHE

Training  dataset Test  dataset

OHE



Label  before  transformation Label  after  log  () Label  after  log  (x  +  n)

Change  the  evaluation  metrics  correspondingly.



Henry









Credit:  Mark  Peng



• Prevent  overfitting

• Generalization  

• 5  ~  10  fold

• Out  of  fold  predictions!



• Imbalanced  dataset:

• StratifiedKFold

• Down-‐sampling  majority

• Over-‐sampling  minority

http://www.marcoaltini.com/blog/dealing-‐with-‐imbalanced-‐data-‐undersampling-‐oversampling-‐and-‐
proper-‐cross-‐validation
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https://github.com/hyperopt/hyperopt



https://github.com/fmfn/Bayesi

anOptimization/



STRONG



• Diversity!
https://mlwave.com/kaggle-‐ensembling-‐guide/



https://mlwave.com/kaggle-‐ensembling-‐guide/

High  correlation  between  models Low  correlation  between  models





1. Create  a  holdout  of  10%  of  the  train  set

2. Fit  n  first  stage  models  on  the  90%  train  set  without  the  holdout

3. Optimize  the  weights  of  second  stage  model  using  the  holdout  dataset

• Brute  force

• A  stacker  model





• Winning  solution!

• Instead  of  simple  averaging,  we  train  the  predictions  from  the  first  
layer

The basic idea behind stacked generalization is to use a pool of base classifiers, then using

another classifier to combine their predictions, with the aim of reducing the generalization

error.



https://www.kaggle.com/mmueller/discussion

Out-‐of-‐fold  predictions  as  new  features!



• Split  the  train  set  in  2  parts:  train_a  and  train_b

• Fit  a  first-‐stage  model  on  train_a  and  create  predictions  for  train_b

• Fit  the  same  model  on  train_b  and  create  predictions  for  train_a

• Finally  fit  the  model  on  the  entire  train  set  and  create  predictions  for  the  test  set.

• Now  train  a  second-‐stage  stacker  model  on  the  probabilities  from  the  first-‐stage  

model(s).

https://mlwave.com/kaggle-‐ensembling-‐guide/





http://blog.kaggle.com/2017/02/27/allstate-‐claims-‐severity-‐
competition-‐2nd-‐place-‐winners-‐interview-‐alexey-‐noskov/

2nd Place  Winner:

Alexey  Noskov



3. Feature  construction:  

• Unsupervised  methods:  distance  to  cluster  centers

• Lexical  encoding  on  categorical  interaction  features



First  Level  Models

Linear  
regression

1189.65998  

Random  
forest

1176.44433

Extra  trees
1166.85430

Gradient  
boosting

1126.30971

LibFM
1150.37290

xgboost
1105.43686

Nerual
network

1116.44915



xgboost
Averaging  multiple  runs  of  XGBoost  with  different  
seeds  -‐ it  helps  to  reduce  model  variance;Averaging

Adding  categorical  combination  features;Features

Modifying  objective  function  to  be  closer  to  MAE;Obj.  func.

Tuning  model  parametersTuning

Replace  |x|  with  this  objective  
function



Neural  
Network

Averaging  multiple  runs,  again;Bagging

Applying  exponential  moving  average  to  weights  of  
single  network;

Moving  
Average

Adding  SVD  and  cluster  features;Features

Adding  batch  normalization  and  dropout;

Batch  
norm.  &

Dropout



Second  Level  Models

Linear  
regression
1189.65998  

Random  
forest

1176.44433

Extra  trees

1166.85430

Gradient  
boosting
1126.30971

LibFM

1150.37290

xgboost

1105.43686

Nerual
network

1116.44915

Linear  regression

1113.08059

Gradient  boosting

1099.60251

xgboost

1100.50998

Nerual network

1098.91721

Huge  
Improvement

Of  Performance

Only  Neural  Network:  enough  to  get  top-‐16  in  public,  and  top-‐8  in  private



Final  Layer:  Optimizing  Weights

Trick  1.
••Training  model  on  
many  subsamples  and  
averaging  predictions;

Trick  2.
••Reducing  input  
dimensionality  -‐
grouping  similar  
models  of  previous  
layers  and  using  group  
averages  as  features;

Trick  3.
••Averaging  best  10  
submissions  for  a  final  
one



One  More  Thing  To  Look

Nerual network  

(two  layers)

1098.91721

Final  solution

(three  layers)

1098.07061

This  is  Kaggle!
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