Predict whether income
exceeds $50K/yr based on
census data

sification using 5 different
learning algorithms.
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Full codes in:
tps://github.com/Thaleial8



The prediction task is to determine whether a person makes

| used five different classification algorithms:
* Decision Tree Classifier

* Random Forest Classifier
* Logistic classifier

* SVM classifier

* K Neighbors Classifier

predictions using different metrics:
* Accuracy
* Precision
* Recall
L |
Area under precision recall



The data:

' as extracted from the

« >50K, <=50K
* age: continuous
Self-emp-not-inc, Self-emp-inc, Federal-goy, ...

ors, Some-college, Masters, Doctorate, 5th-6th,
Preschool...

 education-num: continuous

arried-civ-spouse, Divorced, Never-married,
arried-spouse-absent, Married-AF-spouse

pport, Craft-repair, Machine-op-inspct, ...
‘Husband, Not-in-family, Other-relative, ..
ac-Is ander, Amer-Indian-Eskimo, Other, Black
i « sex: Female, Male

 capital-gain: continuous

« capital-loss: continuous
* hours-per-week: continuous
ative-country: United-States, Cambodia, England, ..


http://www.census.gov/en.html
http://www.census.gov/en.html
http://www.census.gov/en.html
http://www.census.gov/en.html
http://www.census.gov/en.html
http://www.census.gov/en.html
http://www.census.gov/en.html

 Sample of numerical data:

age fnlwgt education_num | capital _gain capital_loss hours_per week
' 32561.000000  3.256100e+04  32561.000000 @ 32561.000000 32561.000000 32561.000000

38.581647 1.897784e+05 10.080679 1077.648844 87.303830 40.437456
13.640433 1.055500e+05  2.572720 7385.292085 402.960219 12.347429
17.000000 1.228500e+04  1.000000 0.000000 0.000000 1.000000
28.000000 1.178270e+05  9.000000 0.000000 0.000000 40.000000
37.000000 1.783560e+05  10.000000 0.000000 0.000000 40.000000
48.000000 2.370510e+05  12.000000 0.000000 0.000000 45.000000
90.000000 1.484705e+06  16.000000 99999.000000  4356.000000 99.000000

‘.
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e data, remove null or

ranaatoad rnwic
sex  education num  hours per week bornusa white Dblack single married separated divorced widowed highdegree  capital gain

(] g 40 ) 0 ) I I 1 I 0

0 g 18 | 0 i i i 1 0 0

| 10 40 ) 0 ) ) ) 1 i 0

4 40 I 0 ) I 0 0 0

10 40




SOME DATA VISUALIZATIONS:
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| removed attributes that contain just minor
categories. | kept attributes that have larrge

categories
large ca
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So my final
attributes are:
income, age,
education-num,
marital-status, sex,
capital-gain,
capital-loss, hours
per week, native
country.



achine learning models:
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Max Depth Average Accuracy

1 8.759285
8.
.818182
.818194
.821081
.883427
.826823
.812485
.828885
.813958
.816721
.815216

819361



. The.best depth was 7. The full metrics results for
thisS depth is:

Accuracy: 06.8529664668361135

Precision: 0.7872991583779648

Recall: 6.5282346862422998

F1: 8.632258864516129

Area under precision Recall: 8.528/636464397456
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* We can\ dur decision tree:
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RA:“M FOREST:
;

Accuracy: 0.8349897162516748
j Precision: 0.69284802084342273
Recall: B.5569815195871869
F1: 8.6175298864788875
Area under precision Recall: 6.49191817636876617

Accuracy: 8.8399459525856774
Precision: 8.7287392197125256

Recall: 8.5485544147843943

F1: 6.6177764748393877

Area under precision Recall: 6.4995361212572641

B ™Y



S\MASSIFIER:

Accuracy: 8.8416656436413954

Precision: 8.7716485685935697

Recall: 6.4864928131416838

F1: 8.5922176526415691

Area under precision Recall: 8.495876796635/72923

Accuracy: 0.84518508239528314
Precision: 6.70683088865494239
Recall: 6.5995893223819362
F1: 8.64943608806227412

Area under precision Recall: 6.5285852784173478



METRICS:

ccuracy Fraction of predictions our model got right
The best was the classification tree.

oportion of those predicted positive, how
m are actual positive.

est was the classification tree.

ionI of the actual positive that were
ctly

best was the Kneighbors.
alance between the precision and

,.

st was the Kneighbors

n recall The precision-recall curve

olfg between precision and recall for
old.

The best was the classification tree.
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