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Content(

•  Mo5va5on(
•  Prac5cal(Process(in(building(a(predictor:(basic(
components(

•  Linear(Regression(and(Decision(Tree(
•  WEKA((Waikato(Environment(for(Knowledge(
Analysis)((

(



Who(predicts(what(

•  Google(predicts(whether(you(will(click(on(an(
ad(J>(increase(revenue(

•  Amazon(predicts(what(movies(you(will(watch((
J>(increase(revenue(

•  Bank(predicts(the(likelihood(of(loan(default(J>(
reduce(risks/loss(

•  Lots(of(startJup!(
(



NePlix(1(million(prize(



Heritage(Health(Prize(3(Million(



Sport:(Kaggle(



IOI(for(high(school(students((



Predic5on(



What(can(go(wrong(



Predictor’s(Components(

•  Ques5on(
•  Input(Data(
•  Features(
•  Algorithm(
•  Parameters(
•  Evalua5on(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
(
(

Start%with%a%general%ques0on%
(

Can(I(automa5cally(detect(emails(that(are(SPAM(or(not?(
(

Make%it%concrete%
(

Can(I(use(quan5ta5ve(characteris5cs(of(the(emails(to(classify(
them(as(SPAM/HAM?(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
(
(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
(
(
Dear(Jeff,(
(
Can(you(send(me(your(address(so(I(can(send(you(the(invita5on?(
(
Thanks,(
(
Ben(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
(
(
Dear(Jeff,(
(
Can(you(send(me(your(address(so(I(can(send(you(the(invita5on?(
(
Thanks,(
(
Ben(
(
Frequency(of(you(=(2/17(=(0.118(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
(
Our%algorithm:%
(
Find(a(value(C(
If(Frequency(of(‘your’(>(C((
((((predict(“SPAM”(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
Scheme:weka.classifiers.trees.DecisionStump((
Rela5on:(((((spambaseJweka.filters.unsupervised.airibute.RemoveJR1J20,22J57(
Instances:((((4601(
Aiributes:(((2(
((((((((((((((word_freq_your(
((((((((((((((class(
Test(mode:evaluate(on(training(data(
===(Classifier(model((full(training(set)(===(
Decision(Stump(
Classifica5ons(
(
word_freq_your(<=(0.405(:(0(
word_freq_your(>(0.405(:(1(
word_freq_your(is(missing(:(0(
(
Class(distribu5ons(
word_freq_your(<=(0.405(
0 (1 ((
0.8311111111111111(0.1688888888888889((
word_freq_your(>(0.405(
0 (1 ((
0.3438381937911571(0.6561618062088429((
word_freq_your(is(missing(
0 (1 ((
0.6059552271245382(0.39404477287546186 ((
Time(taken(to(build(model:(0.01(seconds(
(
(
(
(



SPAM(example(
Ques5on(J>(input(data(J>(features(J>(algorithm(J>(parameter(J>(evalua5on(
(
===(Evalua5on(on(training(set(===(
===(Summary(===(
(
Correctly(Classified(Instances((((((((3452(((((((((((((((75.0272(%(
Incorrectly(Classified(Instances((((((1149(((((((((((((((24.9728(%(
Kappa(sta5s5c((((((((((((((((((((((((((0.4924(
Mean(absolute(error((((((((((((((((((((((0.3595(
Root(mean(squared(error((((((((((((((((((0.424((
Rela5ve(absolute(error(((((((((((((((((75.2817(%(
Root(rela5ve(squared(error(((((((((((((86.7659(%(
Total(Number(of(Instances(((((((((((((4601((((((
(
===(Detailed(Accuracy(By(Class(===(
(
(((((((((((((((TP(Rate(((FP(Rate(((Precision(((Recall((FJMeasure(((ROC(Area((Class(
(((((((((((((((((0.738(((((0.231((((((0.831(((((0.738(((((0.782((((((0.754((((0(
(((((((((((((((((0.769(((((0.262((((((0.656(((((0.769(((((0.708((((((0.754((((1(
Weighted(Avg.((((0.75((((((0.243((((((0.762(((((0.75((((((0.753((((((0.754(
(
===(Confusion(Matrix(===(
(
((((a((((b(((<JJ(classified(as(
(2057((731(|((((a(=(0(
((418(1395(|((((b(=(1(
(
(
(
(



Rela5ve(order(of(importance(

((
(
(
(((Ques5on(>(input(data(>(features(>(algorithm(



Data(is(important(

•  “The(combina5on(of(some(data(and(an(aching(
desire(for(an(answer(does(not(ensure(that(a(
reasonable(answer(extracted(from(a(given(
body(of(data”((
( ( ( (John(Tukey(

•  Garbage(in(=(Garbage(out(
•  To(predict(X,(use(data(related(to(X(



A(successful(predictor(
•  Elec5on(forecas5ng(model:(successful(in(2008(and(2012(US(

elec5ons((
•  Use(polling(informa5on(from(a(wide(variety(of(polls:(data(

asking(the(same(ques5ons(
•  Weight(the(polls(by(their(bias:(recognize(the(quirks(in(the(data(



Unrelated(data(
most(common(mistake(



Features(maier(

•  Proper5es(of(good(features(
– Lead(to(data(compression(
– Retain(relevant(informa5on(
– Are(created(based(on(expert(applica5on(
knowledge(

•  Common(mistakes ((
– Trying(to(automate(feature(selec5on(blindly(
– Not(paying(aien5on(to(dataJspecific(quirks(
– Throwing(away(informa5on(unnecessarily(



Features(crea5on(

•  Raw(data(to(features(



Features(crea5on(
•  Depends(heavily(on(applica5on(
•  Balance(between(summariza5on(and(informa5on(
loss(

•  Examples:(
–  Text(files:(freq.(of(words,(freq.(of(phrases((ngrams),(
freq.(of(capital(leiers(

–  Images:(edges,(corners,(blobs,(ridges(
– Webpages:(number(and(types(of(images,(posi5ons(of(
elements,((colors,(videos(

–  People:(height,(weight,(hair(color,(sex,(na5onality(
•  When(in(doubt(J>(use(more(features(



Algorithms(maier(less(than(you’d(
think(

•  A(sensible(approach(will(get(you(quite(far(in(
solving(the(problem(

•  Getng(the(best(method(can(improve(but(not(
that(much.((



Issues(to(consider(

•  Predic5on(is(about(accuracy(tradeoffs(
•  Google(Flu(Trend:(interpretability(
•  NePlix(prize:(scalability(



Type(of(errors:(basic(terms(
•  Binary(predic5on:(
–  Posi%ve(=(iden5fied;(nega%ve(=(rejected(

•  True%posi0ve%=(correctly(iden5fied(
–  Sick(people(correctly(diagnosed(as(sick(

•  False%posi0ve%=(incorrectly(iden5fied(
– Healthy(people(incorrectly(diagnosed(as(sick(

•  True%nega0ve%=(correctly(rejected(
– Healthy(people(correctly(diagnosed(as(healthy(

•  False%nega0ve%=(incorrectly(rejected(
–  Sick(people(incorrectly(iden5fied(as(healthy(



Errors:(key(quan55es(

•  Sensi0vity((recall):(( ((((((((TP/(TP+FN)(
•  Specificity: ( ( (( ( ((TN/(FP+TN)(
•  Posi5ve(Predic5ve(Value((precision):(

( ( ( ( ( ( ( ( ((TP/(TP+FP)(
•  Nega5ve(Predic5ve(Value:(TN/(FN+TN)(
•  Accuracy:( ( ( ( ( (((TP+TN)/(TP+FP+FN+TN)(

predic0on% Posi0ve% Nega0ve%

Posi5ve( TP( FP(

Nega5ve( FN( TN(



Error:(other(measures(
Con0nuous%data%
•  Mean(Squared(Error((MSE)(
(

•  Root(Mean(Squared(Error((RMSE)(
%
Mul0class%cases%
•  Concordance(e.g.(kappa(
•  Confusion(matrix(
(



Evalua5on(

•  Training(error(vs.(tes5ng(error(
•  Training(error:(the(error(rate(you(get(on(the(
same(data(set(you(use(to(build(your(predictor(

•  Tes5ng(error:(The(error(rate(you(get(on(a(new(
data(set.((

•  Overfitng:(matching(your(algorithm(to(the(
data(you(have(



Predic5on(design(study(
•  Decide(on(your(error(measure(
•  Split(data(into:(Training,(Tes5ng,(Valida5on((op5onal)(
•  On(the(training(set:((
–  Pick(features(and(algorithms(

•  If(no(valida5on:(Apply(ONCE(to(the(test(set(
•  If(valida5on:(
–  Apply(to(test(set(and(refine(
–  Apply(ONCE(to(valida5on(

•  Set(the(test/valida5on(data(aside,(DO(NOT(look(at(it(



Common(prac5ce(

•  If(you(have(a(large(sample(size(
– 60%(training(
– 20%(test(
– 20%(valida5on(

•  If(you(have(a(medium(sample(size(
– 60%(training(
– 40%(tes5ng(

•  If(you(have(a(small(sample(size(
– Cross(valida5on(



Cross(valida5on(
•  Use(the(training(set(
•  Split(it(into(training/test(sets(
•  Build(a(model(on(the(training(set(
•  Evaluate(on(the(test(set(
•  Repeat(and(average(the(es5mated(errors(
•  Used(for:(
–  Picking(features(
–  Picking(the(type(of(predic5on(func5on(
–  Picking(parameters(
–  Comparing(different(predictors(



Cross(valida5on:(random(subsampling(



Cross(valida5on:(kJfold(



Cross(valida5on:(leave(one(out(



Linear(Regression(
(

•  Key(ideas:(
–  Fit(a(simple(regression(model:(fit(a(line(to(a(set(of(data(
–  Plug(in(new(variables(and(mul5ply(by(the(coefficients(
– Useful(when(the(linear(model(is((nearly)(correct(

•  Pros(
–  Easy(to(implement(
–  Easy(to(interpret ((

•  Cons(
– Ozen(poor(performance(in(nonlinear(setng(



Example:(House(price(predic5on(



Decision(Tree(
•  Key(ideas(
–  Itera5vely(split(features(into(groups(
–  Evaluate(“homogeneity”(within(each(group(
–  Split(again(if(necessary(

•  Pros(
–  Easy(to(interpret(
–  Beier(performance(in(nonlinear(setngs(

•  Cons(
– Without(pruning(can(lead(to(overfitng(
–  Result(may(be(variable(



Decision(Tree(Example(



Decision(tree:(basic(algorithm(

1.  Start(with(all(features(in(one(group(
2.  Find(the(features/split(that(best(separates(

the(outcomes(
3.  Divide(the(data(into(two(groups((leaves)(on(

that(split((node)(
4.  Within(each(split,(find(the(best(feature/split(

that(separate(the(outcomes(
5.  Con5nue(un5l(the(groups(are(too(small(or(

sufficiently(“pure”(



Measure(of(impurity(



Measure(of(purity(



Useful(resourses(

•  The(Element(of(Sta5s5cal(Learning.(T.(Has5e,(
R.(Tibshirani,(J.(Friedman.(hip://
statweb.stanford.edu/~5bs/ElemStatLearn/(

•  hips://www.coursera.org/learn/machineJ
learning(J(Stanford(ML(by(Andrew(Ng(

•  hips://www.coursera.org/specializa5on/
jhudatascience(J(Data(Science(specializa5on(by(
Johns(Hopkins(


