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DATA ANALYSIS AND BASIC PREPROCESSING
1st step for the Kaggle Competition

Data should be made usable to be inserted in the model
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DATA ANALYSIS AND BASIC PREPROCESSING
1st step for the Kaggle Competition

Data should be made usable to be inserted in the model 𝐭𝐚𝐫𝐠𝐞𝐭𝐠𝐢𝐯𝐞𝐧 𝐢𝐧𝐟𝐨𝐫𝐦𝐚𝐭𝐢𝐨𝐧

𝐲𝐨𝐮 𝐡𝐚𝐯𝐞 𝐭𝐨 𝐩𝐫𝐞𝐝𝐢𝐜 𝐭𝐡𝐢𝐬



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

Missing values



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

Strings



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

Strings and numbers (Mixed)



Missing values handling strategy
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Missing values handling strategy
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DATA ANALYSIS AND BASIC PREPROCESSING
Missing values handling strategy

1) Mean Imputation

y

Works well when the variable is roughly symmetric and has no strong outliers.

𝑀𝑒𝑎𝑛 ≈ 𝑀𝑒𝑑𝑖𝑎𝑛



Missing values handling strategy

2) Median Imputation

y

DATA ANALYSIS AND BASIC PREPROCESSING

Mean is pulled by outliers, but median remains stable

𝑀𝑒𝑎𝑛 ≉ 𝑀𝑒𝑑𝑖𝑎𝑛

Works well when the distribution is skewed or contains outliers.



DATA ANALYSIS AND BASIC PREPROCESSING
Missing values handling strategy

3) Missing Indicator + Imputation

Ex 1) Income

Missing income may indicate unstable or hidden
income

: These people tend to have low credit

Income … credit (target)

A 300M …

B NaN …

C 500M …

… … … …

N NaN …

M 450M …

Ex 2) Purchase amount

Missing purchase_amount may indicate they are new
customers

: These people tend to spend low amount

Purchase_amount … Amount_spent

A 2 …

B 8 …

C 10 …

… … … …

N NaN …

M NaN …



Data should be made usable to be inserted in the model

Column rider_rating is only consisted of float and missing values

DATA ANALYSIS AND BASIC PREPROCESSING



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

Column weather is only consisted of string and missing values

Categorical Variables
Label encoding (in Tree)

clear_sky : 1

sandstorm : 2

storm : 3

𝑦 = 𝑤 ∗ 𝑤𝑒𝑎𝑡ℎ𝑒𝑟 + 𝑏 (1𝐷)

𝐋𝐚𝐛𝐞𝐥 𝐞𝐧𝐜𝐨𝐝𝐢𝐧𝐠 𝐢𝐧 𝐑𝐞𝐠𝐫𝐞𝐬𝐬𝐢𝐨𝐧

𝒚 > 𝟐. 𝟓 ∶ 𝒔𝒕𝒐𝒓𝒎

𝒔𝒕𝒐𝒓𝒎

𝒚 > 𝟏. 𝟓
: 𝒄𝒍𝒆𝒂𝒓_𝒔𝒌𝒚

𝒔𝒂𝒏𝒅𝒔𝒕𝒐𝒓𝒎𝒄𝒍𝒆𝒂𝒓_𝒔𝒌𝒚

𝑳𝒂𝒃𝒆𝒍 𝒆𝒏𝒄𝒐𝒅𝒊𝒏𝒈 𝒇𝒐𝒓𝒄𝒆𝒔 𝒂 𝒍𝒊𝒏𝒆𝒂𝒓 𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏𝒔𝒉𝒊𝒑 𝒃𝒆𝒕𝒘𝒆𝒆𝒏 𝒄𝒂𝒕𝒆𝒈𝒐𝒓𝒊𝒆𝒔 𝒕𝒉𝒂𝒕 𝒅𝒐𝒆𝒔𝒏𝒐𝒕 𝒆𝒙𝒊𝒔𝒕.𝑻𝒉𝒆𝒎𝒐𝒅𝒆𝒍 𝒂𝒔𝒔𝒖𝒎𝒆𝒔 𝒄𝒍𝒆𝒂𝒓_𝒔𝒌𝒚 < 𝒔𝒂𝒏𝒅𝒔𝒕𝒐𝒓𝒎 < 𝒔𝒕𝒐𝒓𝒎:

𝒃𝒖𝒕 𝒍𝒂𝒃𝒆𝒍 𝒆𝒏𝒄𝒐𝒅𝒊𝒏𝒈 𝒄𝒂𝒏 𝒔𝒕𝒊𝒍𝒍 𝒄𝒓𝒆𝒂𝒕𝒆 𝒂𝒓𝒃𝒊𝒕𝒓𝒂𝒓𝒚 𝒔𝒑𝒍𝒊𝒕𝒔.
𝑻𝒓𝒆𝒆𝒎𝒐𝒅𝒆𝒍𝒔 𝒂𝒓𝒆 𝒍𝒆𝒔𝒔 𝒔𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒆 𝒕𝒐 𝒐𝒓𝒅𝒆𝒓𝒊𝒏𝒈,



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

Column weather is only consisted of string and missing values

Categorical Variables

One Hot Encoding (OHE)

clear_sky : [0,0,1]

sandstorm : [0,1,0]

storm : [1,0,0]

𝑦 = 𝑤1 ∗ 𝑤𝑒𝑎𝑡ℎ𝑒𝑟1 + 𝑤2 ∗ 𝑤𝑒𝑎𝑡ℎ𝑒𝑟2 + 𝑤3 ∗ 𝑤𝑒𝑎𝑡ℎ𝑒𝑟3 + 𝑏 (3D)

Each weather category is independently represented in the orthogonal axes.

If weather1 = 1, then all the other weathers are 0. : 𝑵𝒐 𝒓𝒆𝒍𝒂𝒕𝒊𝒐𝒏𝒔𝒉𝒊𝒑 𝒃𝒆𝒕𝒘𝒆𝒆𝒏 𝒕𝒉𝒆 𝒄𝒂𝒕𝒆𝒈𝒐𝒓𝒊𝒆𝒔 𝒊𝒏 𝑶𝑯𝑬.

𝒚𝟏 > 𝟎. 𝟓 ∶ 𝒔𝒕𝒐𝒓𝒎

𝒔𝒕𝒐𝒓𝒎

𝒚𝟐 > 𝟎. 𝟓
: 𝒄𝒍𝒆𝒂𝒓_𝒔𝒌𝒚

𝒔𝒂𝒏𝒅𝒔𝒕𝒐𝒓𝒎𝒄𝒍𝒆𝒂𝒓_𝒔𝒌𝒚

𝒚𝟏 = 𝒊𝒔_𝒔𝒕𝒐𝒓𝒎
𝒚𝟐 = 𝒊𝒔_𝒄𝒍𝒆𝒂𝒓_𝒔𝒌𝒚

𝒆𝒂𝒄𝒉 𝒗𝒂𝒍𝒖𝒆 𝒉𝒂𝒔 𝒄𝒍𝒐𝒔𝒆𝒓𝒎𝒆𝒂𝒏𝒊𝒏𝒈 𝒕𝒐 𝒕𝒉𝒆 𝒑𝒓𝒐𝒃𝒂𝒃𝒊𝒍𝒊𝒕𝒚 𝒊𝒏 𝑶𝑯𝑬



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

Column order_date is only consisted of float and missing values

18-03-2022

2022.3.1

11.Mar.22

…

𝟐𝟎𝟏𝟏. 𝟎𝟑. 𝟐𝟐 ?

𝟐𝟎𝟐𝟐. 𝟎𝟑. 𝟏𝟏 ?

order_date

𝑯𝒐𝒘 𝒅𝒐 𝒚𝒐𝒖 𝒌𝒏𝒐𝒘 ?



DATA ANALYSIS AND BASIC PREPROCESSING
Data should be made usable to be inserted in the model

How the longitude value alone can be the clue of delivery time prediction?



EVALUATION METRICS

MSE is better when Absolute Deviation is more important

Ex) car price prediction

- Your budget is fixed

- False prediction 1 : 8M to 10M (2M deviation, 25% err)

- False prediction 2 : 3M to 4M (1M deviation, 33.3% err)

: Prediction 2 is preferred because it only deviates 1M from the true price.

MSE (Mean Square Error) / RMSE (Root Mean Square Error)

Linear regression

y

20

10

10

50

100

Stronger penalty1)

2)

1) Large errors are penalized much more due to squaring

𝑀𝑆𝐸 ∝ 𝑦 − ො𝑦 2 𝑖𝑓 𝑦 − ො𝑦 = 10 → 100
𝑖𝑓 𝑦 − ො𝑦 = 20 → 400

2) Does not consider relative scale of the target

y = 50 & 𝑦 − ො𝑦 = 20 → 40% difference
y = 100 & 𝑦 − ො𝑦 = 20 → 20% difference

: 𝑠𝑎𝑚𝑒 𝑝𝑒𝑛𝑎𝑙𝑡𝑦

: E𝑣𝑒𝑛 𝑡ℎ𝑜𝑢𝑔ℎ 𝑡ℎ𝑒 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑒𝑟𝑟𝑜𝑟 𝑖𝑠 𝑙𝑎𝑟𝑔𝑒𝑟,
𝑡ℎ𝑒 𝑎𝑐𝑡𝑢𝑎𝑙 𝑚𝑜𝑛𝑒𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑖𝑠 𝑠𝑚𝑎𝑙𝑙𝑒𝑟.



EVALUATION METRICS
MAPE (Mean Absolute Percentage Error)

: 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 is normalized by the true value y

Linear regression

y

20

50

100

(1)

(2)

y = 50 &
𝑦 − ො𝑦

𝑦
=
20

50
= 0.4 → ~40% 𝑒𝑟𝑟 Larger penalty

y = 100 &
𝑦 − ො𝑦

𝑦
=

20

100
= 0.2 → ~20% 𝑒𝑟𝑟 Smaller penalty

: 𝐹𝑜𝑟 𝑀𝑆𝐸

Recall that)

MSE point of view MAPE point of view

For the point (1) & (2) which has the same deviation value,

: Relative error matters more than absolute error

y = 50 & 𝑦 − ො𝑦 = 20 → 40% difference
y = 100 & 𝑦 − ො𝑦 = 20 → 20% difference

20



Recall that)

MSE point of view MAPE point of view

EVALUATION METRICS
MAPE (Mean Absolute Percentage Error)

: 𝑝𝑒𝑛𝑎𝑙𝑡𝑦 is normalized by the true value y

Linear regression

y

20

50

100

MAPE is better when Relative Deviation is more important

Ex) delivery time prediction

- You are really hungry and impatient

- False prediction 1 : 10 min to 20 min (10 min deviation, 100% err)

- False prediction 2 : 50 min to 60 min (10 min deviation, 20% err)

: Prediction 2 is preferred because either 50 min or 60 min seems similar.

y = 50 & 𝑦 − ො𝑦 = 20 → 40% difference
y = 100 & 𝑦 − ො𝑦 = 20 → 20% difference

: 𝐹𝑜𝑟 𝑀𝑆𝐸

: Relative error matters more than absolute error
20



MODEL OVERVIEW

1) Linear Regression

- Smooth change and has low variance

- Capable of extrapolation

y

𝑔𝑟𝑎𝑑𝑢𝑎𝑙 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑦

𝑔𝑟𝑎𝑑𝑢𝑎𝑙 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑥

: Can make reasonable predictions even outside the training range.

Example)

If housing prices in the training data range from 100M to 1B KRW,

the model can still make a reasonable prediction for 1.2B KRW.

- Limited ability to model feature interactions

- Capture only simple relationship



MODEL OVERVIEW
𝒈
𝒓
𝒆
𝒆
𝒅
𝒚
𝒂
𝒍𝒈
𝒐
𝒓
𝒊𝒕𝒉

𝒎

- Automatic modeling of nonlinearities and interactions

- Ability to model complex decision boundaries

- Discontinuous predictions (stepwise behavior)

- High variance (model instability)

- Poor extrapolation ability

- Easy to be overfitted

𝒙𝟐 > 𝟒. 𝟓

𝒙𝟏 < 𝟐

2) Decision Tree

x1

x2𝟒. 𝟓

𝟐

Ex) 𝒙𝟏 > 𝟐 & 𝒙𝟐 < 𝟒. 𝟓



MODEL OVERVIEW
𝒈
𝒓
𝒆
𝒆
𝒅
𝒚
𝒂
𝒍𝒈
𝒐
𝒓
𝒊𝒕𝒉

𝒎

- Automatic modeling of nonlinearities and interactions

- Ability to model complex decision boundaries

- Discontinuous predictions (stepwise behavior)

- High variance (model instability)

- Poor extrapolation ability

- Easy to be overfitted

𝒙𝟏 > 𝟑

𝒙𝟐 < 𝟔

2) Decision Tree

x1

x2𝟔

𝟑

𝑂𝑛𝑙𝑦 4 𝑝𝑜𝑖𝑛𝑡𝑠 𝑐ℎ𝑎𝑛𝑔𝑒𝑑 𝑏𝑢𝑡 𝑡ℎ𝑒 𝑑𝑜𝑚𝑎𝑖𝑛 𝑖𝑠 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑙𝑦 𝑎𝑙𝑡𝑒𝑟𝑒𝑑 𝑖𝑛 𝑎 𝑑𝑖𝑠𝑐𝑟𝑒𝑡𝑒 𝑤𝑎𝑦

Ex) 𝒙𝟏 > 𝟐 & 𝒙𝟐 < 𝟒. 𝟓



3) Random Forest

MODEL OVERVIEW

avg

Bagging (Bootstrap Aggregation)

[1,2,3,4,5,6,7…n] : Original sample set

[8,1,3…5]
:Bootstrap set 1

n different samples

n samples from
repeated sampling

[4,1,4…8]
:Bootstrap set 2

n samples from
repeated sampling

[7,1,2…7]
:Bootstrap set 3

n samples from
repeated sampling

Bootstrap

Make same-sized sets
by repeated sampling

𝑭𝒊𝒏𝒂𝒍 𝑨𝒗𝒆𝒓𝒂𝒈𝒆𝒅
𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏



3) Random Forest

MODEL OVERVIEW

𝒇𝒆𝒂𝒕𝒖𝒓𝒆 𝒆𝒙) {𝒂𝒈𝒆, 𝒓𝒂𝒕𝒊𝒏𝒈, 𝒍𝒂𝒕𝒊𝒕𝒖𝒅𝒆, 𝒍𝒐𝒏𝒈𝒊𝒕𝒖𝒅𝒆, 𝒅𝒂𝒕𝒆 , 𝒕𝒊𝒎𝒆}

{𝒂𝒈𝒆, 𝒓𝒂𝒕𝒊𝒏𝒈, 𝒅𝒂𝒕𝒆}

{𝒓𝒂𝒕𝒊𝒏𝒈, 𝒍𝒂𝒕𝒊𝒕𝒖𝒅𝒆, 𝒕𝒊𝒎𝒆}

{𝒂𝒈𝒆, 𝒍𝒐𝒏𝒈𝒊𝒕𝒖𝒅𝒆, 𝒕𝒊𝒎𝒆}

Also at each split, only a random subset of features is considered so that not all trees are very similar.

𝑩𝒐𝒕𝒉 𝒕𝒉𝒆 𝒕𝒓𝒂𝒊𝒏𝒊𝒏𝒈 𝒅𝒂𝒕𝒂 𝒂𝒏𝒅 𝒕𝒉𝒆 𝒄𝒂𝒏𝒅𝒊𝒅𝒂𝒕𝒆 𝒇𝒆𝒂𝒕𝒖𝒓𝒆𝒔 𝒂𝒓𝒆 𝒓𝒂𝒏𝒅𝒐𝒎𝒊𝒛𝒆𝒅 𝒊𝒏 𝑹𝒂𝒏𝒅𝒐𝒎 𝑭𝒐𝒓𝒆𝒔𝒕.

𝑻𝒓𝒆𝒆 𝟏



4) XGBoost

MODEL OVERVIEW
: One of the Boosting Models

Starting from a weak tree, each new tree is added to fit the residual of the current model. ≡ 𝑩𝒐𝒐𝒔𝒕𝒊𝒏𝒈

𝑾𝒆𝒂𝒌 𝒕𝒓𝒆𝒆 𝑨𝒅𝒅𝒕𝒊𝒐𝒏𝒂𝒍 𝒕𝒓𝒆𝒆 𝟏 𝑨𝒅𝒅𝒕𝒊𝒐𝒏𝒂𝒍 𝒕𝒓𝒆𝒆 𝟐
𝑺𝒆𝒓𝒊𝒂𝒍 𝒂𝒅𝒅𝒊𝒕𝒊𝒐𝒏 𝒐𝒇 𝒕𝒓𝒆𝒆𝒔

≡ 𝑬𝒏𝒔𝒆𝒎𝒃𝒍𝒆

𝑭𝒊𝒏𝒂𝒍 𝑬𝒏𝒔𝒆𝒎𝒃𝒍𝒆𝒅
𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏

𝑺𝒆𝒓𝒊𝒂𝒍𝒍𝒚 𝒂𝒅𝒅 𝒕𝒓𝒆𝒆𝒔 𝒕𝒐 𝒇𝒊𝒕 𝒕𝒉𝒆 𝒓𝒆𝒔𝒊𝒅𝒖𝒂𝒍

𝑰𝒏 𝑹𝒂𝒏𝒅𝒐𝒎 𝑭𝒐𝒓𝒆𝒔𝒕, 𝒕𝒉𝒆 𝒕𝒓𝒆𝒆𝒔 𝒂𝒓𝒆 𝒑𝒂𝒓𝒂𝒍𝒍𝒆𝒍𝒍𝒚𝒎𝒂𝒅𝒆



4) XGBoost

MODEL OVERVIEW

Objective Function : Target function that has to be minimized ~ 𝐞𝐫𝐫𝐨𝐫, 𝐜𝐨𝐦𝐩𝐥𝐞𝐱𝐢𝐭𝐲 𝐞𝐭𝐜

Smaller error is preferred Less complex model is preferred 
(Complex model tends to be overfitted)

By balancing between the complexity and loss minimization, the next tree is determined to minimize L.

by
: 𝛉 𝒊𝒔 𝒖𝒑𝒅𝒂𝒕𝒆𝒅 𝒕𝒐 𝒕𝒉𝒆 𝒅𝒊𝒓𝒆𝒄𝒕𝒊𝒐𝒏 𝒕𝒉𝒂𝒕𝒎𝒊𝒏𝒊𝒎𝒊𝒛𝒆𝒔 𝑳 𝒕𝒉𝒆𝒎𝒐𝒔𝒕

𝒕𝒉𝒆 𝒐𝒑𝒑𝒐𝒔𝒊𝒕𝒆 𝒅𝒊𝒓𝒆𝒄𝒕𝒊𝒐𝒏 𝒕𝒐 𝒕𝒉𝒆 𝒈𝒓𝒂𝒅𝒊𝒆𝒏𝒕

: One of the Boosting Models

Starting from a weak tree, each new tree is added to fit the residual of the current model. ≡ 𝑩𝒐𝒐𝒔𝒕𝒊𝒏𝒈

𝑾𝒆𝒂𝒌 𝒕𝒓𝒆𝒆 𝑨𝒅𝒅𝒕𝒊𝒐𝒏𝒂𝒍 𝒕𝒓𝒆𝒆 𝟏 𝑨𝒅𝒅𝒕𝒊𝒐𝒏𝒂𝒍 𝒕𝒓𝒆𝒆 𝟐
𝑺𝒆𝒓𝒊𝒂𝒍 𝒂𝒅𝒅𝒊𝒕𝒊𝒐𝒏 𝒐𝒇 𝒕𝒓𝒆𝒆𝒔

𝑭𝒐𝒓 𝒆𝒂𝒄𝒉 𝒔𝒕𝒆𝒑, 𝒂𝒅𝒅𝒊𝒕𝒊𝒐𝒏𝒂𝒍
𝒕𝒓𝒆𝒆𝒔 𝒂𝒓𝒆 𝒅𝒆𝒔𝒊𝒈𝒏𝒆𝒅 𝒕𝒐𝒎𝒊𝒏𝒊𝒎𝒊𝒛𝒆
𝒕𝒉𝒆 𝒐𝒃𝒋𝒆𝒄𝒕𝒊𝒗𝒆 𝒇𝒖𝒏𝒄𝒕𝒊𝒐𝒏

≡ 𝑬𝒏𝒔𝒆𝒎𝒃𝒍𝒆

Ex)
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Gradient : The direction of steepest increase of the loss. (the opposite direction minimizes the loss)

𝐨𝐛𝐣𝐞𝐜𝐭𝐢𝐯𝐞 𝐟𝐮𝐧𝐜𝐭𝐢𝐨𝐧 (𝐞𝐫𝐫𝐨𝐫 + 𝐜𝐨𝐦𝐩𝐥𝐞𝐱𝐢𝐭𝐲) Error ↓ ⟺ Accuracy ↑

L

x
(Model output)

𝐆𝐫𝐚𝐝𝐢𝐞𝐧𝐭 ≡ 𝐆𝐫𝐚𝐝𝐢𝐞𝐧𝐭 ≡

1D Function (for intuition) 2D Function (for intuition)

𝐟′ 𝐱𝟏 > 𝟎

𝐟′ 𝐱𝟐 < 𝟎

𝐟′ 𝐱𝟑 > 𝟎

𝒎𝒊𝒏𝒊𝒎𝒖𝒎
𝐟′ 𝐱𝟒 = 𝟎

: One of the Boosting Models
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For Boosting models,
𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏 𝒚 𝒇𝒐𝒓 𝒏 𝒔𝒂𝒎𝒑𝒍𝒆𝒔

:𝒎𝒊𝒏𝒊𝒎𝒊𝒛𝒆 𝒕𝒉𝒆 𝒍𝒐𝒔𝒔 𝒃𝒚 𝒇𝒐𝒍𝒍𝒐𝒘𝒊𝒏𝒈 𝒕𝒉𝒆 𝒏𝒆𝒈𝒂𝒕𝒊𝒗𝒆 𝒈𝒓𝒂𝒅𝒊𝒆𝒏𝒕.

𝑨 𝒏𝒆𝒘 𝒕𝒓𝒆𝒆 𝒊𝒔 𝒕𝒓𝒂𝒊𝒏𝒆𝒅 𝒕𝒐 𝒂𝒑𝒑𝒓𝒐𝒙𝒊𝒎𝒂𝒕𝒆 𝒕𝒉𝒆 𝒏𝒆𝒈𝒂𝒕𝒊𝒗𝒆 𝒈𝒓𝒂𝒅𝒊𝒆𝒏𝒕.

𝒉𝒐𝒘𝒆𝒗𝒆𝒓, 𝒕𝒉𝒆 𝒏𝒆𝒘 𝒕𝒓𝒆𝒆 𝒊𝒔 𝒔𝒄𝒂𝒍𝒆𝒅 𝒃𝒚 𝒍𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆 𝜼 𝒃𝒆𝒇𝒐𝒓𝒆 𝒃𝒆𝒊𝒏𝒈 𝒂𝒅𝒅𝒆𝒅

The learning rate controls how much each new tree updates the model.

Smaller values (e.g., 0.05–0.1) lead to more stable learning but require more trees, while larger values
can speed up training but risk overfitting.

𝒍𝒆𝒂𝒓𝒏𝒊𝒏𝒈 𝒓𝒂𝒕𝒆 𝜼 𝒆𝒇𝒇𝒆𝒄𝒕𝒊𝒗𝒆𝒍𝒚 𝒔𝒉𝒓𝒊𝒏𝒌𝒔 𝒕𝒉𝒆 𝒄𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏 𝒐𝒇 𝒆𝒂𝒄𝒉 𝒕𝒓𝒆𝒆,𝒎𝒂𝒌𝒊𝒏𝒈 𝒕𝒉𝒆 𝒃𝒐𝒐𝒔𝒕𝒊𝒏𝒈 𝒑𝒓𝒐𝒄𝒆𝒔𝒔 𝒎𝒐𝒓𝒆 𝒓𝒐𝒃𝒖𝒔𝒕.
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Tunable Parameters

𝒆𝒕𝒂 : Learning rate - Controls how much each tree contributes to the model

𝒏_𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒐𝒓𝒔 : Number of Trees – Number of Boosting iterations

𝒎𝒂𝒙_𝒅𝒆𝒑𝒕𝒉 : Maximum depth – Maximum depth of each trees

𝒔𝒖𝒃𝒔𝒂𝒎𝒑𝒍𝒆 : Subsample – Fraction of data used per tree

𝒄𝒐𝒍𝒔𝒂𝒎𝒑𝒍𝒆_𝒃𝒚𝒕𝒓𝒆𝒆 : Column Sampling – Fraction of features (predictors) used per tree

𝒍𝒂𝒎𝒃𝒅𝒂 , : Regularization – Controls model complexity𝒂𝒍𝒑𝒉𝒂

𝒎𝒊𝒏_𝒄𝒉𝒊𝒍𝒅_𝒘𝒆𝒊𝒈𝒉𝒕 : Minimum Child Weight – Minimum samples required in a leaf
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𝑯𝒐𝒘 𝒄𝒂𝒏 𝒘𝒆 𝒔𝒆𝒂𝒓𝒄𝒉 𝒕𝒉𝒆 𝒃𝒆𝒔𝒕 𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓 𝒔𝒆𝒕?

𝐵𝑒𝑠𝑡 𝑃𝑜𝑖𝑛𝑡

𝒙𝟏

𝒙𝟐

𝒙𝟑

𝒆𝒕𝒂

𝒏_𝒆𝒔𝒕𝒊𝒎𝒂𝒕𝒐𝒓𝒔

𝒎𝒂𝒙_𝒅𝒆𝒑𝒕𝒉

𝒔𝒖𝒃𝒔𝒂𝒎𝒑𝒍𝒆

𝒄𝒐𝒍𝒔𝒂𝒎𝒑𝒍𝒆_𝒃𝒚𝒕𝒓𝒆𝒆

𝒎𝒊𝒏_𝒄𝒉𝒊𝒍𝒅_𝒘𝒆𝒊𝒈𝒉𝒕

𝑬𝒙) 𝒑𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓 𝒙𝟏, 𝒙𝟐, 𝒙𝟑 (𝟑𝑫)
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