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Tien xtr ly Div liéu

X ly cac gid tri bi thiéu va ngoai |&
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Dii liéu bi thiéu vé mat
cau trac

Nh{ing gia tri nay bi thi€u
vi & ra chling khong téon

tai.

Dii liéu thi€u hoan toan
ngau nhién

MCAR (Missing Completely
At Random)

C4ac gia tri bi thi€u xay ra
hoan toan ngau nhién.

Di liéu thiéu ngau
nhién
MAR (Missing At Random)
Gia dinh & day la cac
gid tri con thiéu cé lién
quan phan nao dén cac
quan sat khac trong dit
liéu.

Dii liéu thi€u khong
ngau nhién
NMAR (Not Missing At
Random)

CA4c gid tri con thiéu &
day c6 ngudn gbéc
khéng phai ngau nhién
ma coé chuy




X ly cac gia tri bi thiéu

1 Cé ba cach ti€p can chinh dé xu ly van dé thi€u gia tri:

I Iy Iy

Bang cach loai bo

Bang cach thay thé: sklearn-imputation of missing values

Cac mé hinh (Cong cu udc tinh) cé thé xur ly gid tri NaN

Céch tiép can khac: tao cot mdi chia thong tin coé gid tri bi thi€u

Missing values Treatment

l 1

DELETIONS IMPUTATIONS
| |
] ) ¥ + v
Pairwise Listwise/ Dropping Entire General Advanced

Deletions Dropping entire rows Columns |

Deleting only Deleting the row Deleting the column
missing values containing the missing value containing the missing value

Forward Fill

MICE

For Non Time Series Time Series
KNN Based

BackFill

Imputing :;‘;::Nﬂgwuh

Made/Com;

with a
constant

Linear Interpolation

https://www.kaggle.com/code/parulpandey/a-guide-to-handling-missing-values-in-python/notebook



https://scikit-learn.org/stable/modules/impute.html
https://www.kaggle.com/code/parulpandey/a-guide-to-handling-missing-values-in-python/notebook

Loai b6 theo danh sach

O Loai bo theo danh sach
O Loai bo toan b6 hang hodc cot chia gia tri con thiéu
1 Phuong phép nay don gian nhung cé thé dan dén maét di liéu néu gia tri bi
thiéu khong phai la MCAR.




Loai bo theo cap

O Loai bo theo cap
1 Dudc st dung khi gia tri la MCAR hoac MAR. Trong qua trinh loai bé theo
cap, chi nhiing gia tri con thi€u mdi bi loai.
O Phudng phap nay t6i da hda dii liéu dudc st dung trong phan tich nhung co
thé dan dén két qua khéng nhat quén néu viéc thi€u dif liéu khéng phai I3
ngau nhién.




Thay thé dac trwng don bién

« C4c gia tri bi thi€u cé thé dudc thay bang moét gid tri hang sé dudc cung
cap hoac st dung s6 liéu théng ké (trung binh, trung vi hoac gia tri thuong
xuyén nhét) cia moi cdt chla céc gid tri bi thiéu.

# imputing with a constant

from sklearn.impute import SimpleImputer

train_constant = train.copy()

#setting strategy to 'constant'

mean_imputer = SimpleImputer(strategy='constant') # imputing using constant value
train_constant.iloc[:, :] = mean_imputer.fit_transform(train_constant)
train_constant.isnull().sum()

from sklearn.impute import SimpleImputer
train_most_frequent = train.copy()
#setting strategy to 'mean’ to impute by the mean

mean_imputer = SimpleImputer(strateqy="most_frequent')# strateqy can also be mean or median
train_most_frequent.iloc[:,:] = mean_imputer.fit_transform(train_most_frequent)




Thay thé dac trwng da bien

O M6t chién ludc dé gan céc gid tri bi thi€u bang cdch md hinh hoéa tiing dac trung
c6 gié tri bi thi€u dudi dang ham clia cac dac trung khéc theo kiéu vong tron.

3 NO thuc hién nhiéu phép héi quy trén mau dif liéu ngau nhién, sau dd 18y trung
binh clia céc gid tri hoi quy va st dung gid tri d6 dé thay thé gia tri con thiéu.

from sklearn.experimental import enable_iterative_imputer
from sklearn.impute import Iterativelmputer
train_mice = train.copy(deep=True)

mice_imputer = IterativeImputer()
train_mice['Age'] = mice_imputer.fit_transform(train_mice[[ 'Age’]1])




Thay thé bang phwong phap K-Nearest Neighbor

O Thay thé céac gia tri con thi€u bang cach st dung phuong phap K-Nearest
Neighbors.

1 Mai dac trung bi thi€u dudc gan bang céch st dung céc gid tri ti n_neighbors
hang xém gan nhat cé gia tri cho dac trung do.

O Pac trung ctia cadc hang xém dudc tinh trung binh dong déu hoac cé trong sé
theo khoana cach dén tiina hana xém.

train_knn = train.copy(deep=True)

from sklearn.impute import KNMImputer
train_knn = train.copy(deep=True)

knn_imputer = KNNImputer(n_neighbors=2, weights="uniform")
train_knn['Age’'] = knn_imputer.fit_transform(train_knn[[ Age']])
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Thay thé cho dir liéu chudi théi gian

1 Cac ky thuat tinh toan co ban:
O Dién theo phia trudc: Thay thé NaN s bang gia tri dugc quan sat [an cudi
O Dién theo phia sau: Thay thé NaN bang gia tri dugc quan sat ti€p theo

QO Phuong phdp ndi suy tuyén tinh dffillna(method = 'ffill', inplace = True)
df.fillna(method = 'bfill', inplace = True)
df.interpolate(limit_direction = "both", inplace = True)
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Forward Fill Back Fill Linear Interpolation d
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Phwong phap thay thé: Uu diém va nhwoc

Phuong phap

Uu diém va nhugc diém

Thay thé dac trung don bién
(mean/median/mode)

Thay thé gid tri con thi€u bang gia tri trung binh, trung vi hoac
xudt hién thudng xuyén nhat cua dii liéu cé sdn cho bién tuong
ung.

Thay thé& gia tri hang sé

Thay thé& gid tri con thi€u bang moét gia tri khéng déi, vi du:
"khong xac dinh" ddi véi cac bién phan loai.

Thay thé bang phuong phap K-
Nearest Neighbors

Thay thé& gia tri bi thi€u bang gia tri trung binh hodac thudng
xuyén nhat cta K 1an can gan nhat trong khong gian dac trung.
Phuong phap nay cé thé cung cép cac phép thay thé chinh xac
hon nhung cé thé tén kém vé mat tinh todn ddi v3i cac tap di
liéu ISn.




_diém

Phwong phap thay thé: Uu diém va nhwoc

Phuong phap

Uu diém va nhugc diém

Phép ndi suy tuyén
tinh

Thay thé gia tri bi thi€u bang gia tri dudc néi suy tuyén tinh dua trén céac
diém d{t liéu khéng bi thiéu 1an can.

Gia st m&i quan hé tuyé&n tinh gitia cdc diém dii liéu va cé thé khdong phu
hop vai tat ca cac loai dif liéu

Thay thé& bang
phuong phap hoi qui

Udc tinh gid tri con thi€u bang cach khép mé hinh héi quy s dung cac
bién khac lam yéu t6 du doan.

Cung cép cac phép thay thé& chinh xac hon nhung cé thé gay ra hién
tudng da cdng tuyén va qua khdp néu céac gia tri dugc gan cé méi tuong
qguan cao v3i cac yéu t6 du dodn khac.

Thay th& dua trén mo
hinh

S dung mé hinh ML dé udc tinh cac gia tri con thi€u dua trén dii liéu
dudc quan sat.

Phuong phép nay cé thé cung cép cac phép thay th& c6 dé chinh xéc cao
nhung co thé phc tap hon va tén kém hon vé mat tinh toan.

Yo




Xw ly ngoai lé

1 Phuong phap théng ké (Chi tiét ¢ tuan 1)
O Tu déng phat hién ngoai lé




Thiét ké dac trwng

Gidi thiéu



B)

Thiét ké dac trung la gi

1 Thiét ké dac trung (Feature Engineering — Feature Extraction) la qua trinh sur dung ki€n
thirc vé linh vuc dé trich xudt cac dic trung (déc diém, thudc tinh) tir dit liéu géc — cai thién hiéu
sudt cac mé hinh may hoc (ML models)

Raw Data  Feature Features

Extractor
¥ DDDDD—’ Algorithm
(machine-learning; statistics)

(might involve some data wrangling)

(Train or Predict)

https://adataanalyst.com/machine-learning/comprehensive-quide-feature-engineering/
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https://adataanalyst.com/machine-learning/comprehensive-guide-feature-engineering/

Tai sao can thiet ké dac trung

Tai sao: M6 hinh khong thé
@ huén luyén ding cach véi dir
Van dé véi licu goc.
@ hiéusudt md
hinh Giai phap: Tao cac dac trung
mai ¢ thdng tin hodc bién doi
cac ddc trung hién c6 — Nang

. w e a ay cao kha nang hoc cia mo hinh.
Tai sao can thiét k& dic trung @

Tai sao: Nhiéu m6 hinh ML
yéu cau dau vao dudi dang s6
N e o hoc
® VaD de \fd| cac
bin phan loa Giai phap: Chuyén déi dit liéu
® phan loai thanh di liéu s6 hoc:
Label encoding, One-hot
encoding, Target Encoding, ...

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

)
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- IV .
Tai sao can thiet ke dac trung '

Tai sao: Hau hét cac mo hinh yéu cau dir
® Iie:u dugc phan phoi theo phan phoi
chuan hodc hoat dong t§t han khi dir liéu
N da dudc chuan hoa?
® Van deé vai
bién lién tuc
® Giai phap: binning, log
transformation, scaling, ..

Tai sao can thiét k& dic trung @

Tai sao: Nhiéu mo hinh ML
® khdng thé xur ly truc tiép cac gid
Van dé vdi tri thi€u (missing values)?
@ thi€u gia tri
dir lié — o
! Giai phap: Dien gia tri
@ (Imputation), dién bang gia tri c6
dinh

18
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Qua trinh lap

Budc 1

Théo luan va kiém thur
cac dac trung

Budc 5 Budc 2

Panh gia mo hinh — Cai Quyét dinh xem dac trung

thién cac dac trung néu can. nao nén dugc tao ra (thong
qua tir EDA, v.v.)

Budc 4 Budc 3

Tao dac trung (tu dong, tha
cong hoac su’ két hop clia ca
hai).

Kiém thir anh hudng cac dic
trung da xac dinh d6i véi bai
toan — Lua chon dac trung.

19
Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)



Tai sao can Bién doi Dir liéu?

Tai sao: Nhiéu mé hinh ML dat ra gia
@ dinh vé phan phdi va ty I€ cua dir
Van dé véi icu.
@ hiéu suét cla
md hinh Giai phap: chuan héa
® (normalization) hodc tiéu chuan
hda (standardzation) cé thé gitp

dap ’ng nhirng gia dinh nay.
Tai sao can Bién d6i Dif liéu? @

Tai sao: Nhiéu bo dir liéu bao gom
O nhiéu loai d{ liéu va nhiéu mé6 hinh

VAn dé vdi ML yéu cau dau vao dudi dang s6
® viéc xtr ly cac hoc.
loai dir liéu
khac nhau.

Giai phap: Bién ddi cac loai dir liéu
@ khic nhau nay thanh dinh dang s6
hoc phu hdgp la diéu can thiét.

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

)
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Tai sao can Bién doi Dir liéu?

Tai sao: Mot s6 m6 hinh ML hoat dong tot
@ hon khi phan phdi dit liéu la d(")'i,xtrng hodc
Van dé vadi Su gan vdi phan phoi chuan.
léch lac dir liéu
® (Data

Skewness) @  Giai phap: log, square root or

inverse transformation
Tai sao can Bién dai DIt liéu? @
Tai sao: Gia tri ngoai & (Outlier) cé
® :nh hudng I6n va tac dong dén hiéu
Van dé vé dir suat cia mo hinh.
@ 'iéu ngoai lé
(Qutliers).

® Giai phap: Log Transformation,
Robust Scaler

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

)
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Tai sao can Bién doi Dir liéu?

@ Taisao: Bién lién tuc co thé lam cho két
V&n da véi viec qua ctua mo hinh khé hiéu han.
@ idi thich két

qua.

® Giai phap: s dung ky thuat

binning transformation
Tai sao can Bién dai DIt liéu? @

O Tai sao: Cac mGi quan hé phi tuyén phirc
o tap lam cho viéc m6 hinh héa va giai thich

Van de vdi cac tré nén kho khn hon.
moi quan hé phi ! : !
@ tuyén (non-linear Giéi,phép: MOt s bi€n dbi co thé chuyén

relationships). doi né thanh mai quan hé tuyén tinh.
® Ex: Y = b * exp(a*X) — log(Y) = log(b) +
a*X

22
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Bien

doi dir liéu — Data Transformation

Dir lieu dang so0

Min - Max Scaling Standardization Log Transformation Robust Scaler

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

Discretization

,

23



Ky thuat Min-Max Scaling

/

5

a2 Normalization (Min-Max Scaling): Chuan hda (Normalization) ty 1€ lai dif liéu

thanh mot pham vi ¢ dinh, thudng la pham vi tu [0, 1].

r — min(:r:) X_std = (X - X.min(axis=0)) / (X.max(axis=0) - X.min(axis=0))
£ = X_scaled = X_std * (max -

!

max(x) — min(xz)

RoomService FoodCourt ShoppingMall Spa VRDeck

0 0.0 0.0 0.0 0.0 0.0 0 0.000000
1 109.0 9.0 250 549.0 440 - 0.007608
2 43.0 3576.0 0.0 6715.0 49.0 2 0.003001
3 0.0 1283.0 3710 33200 1930 3 0.000000
4 303.0 70.0 151.0 565.0 2.0 4 0.021149

TrudGc khi ap dung Min-Max Scaling

0.000000
0.000302
0.119948
0.043035
0.002348

min) + min

RoomService FoodCourt ShoppingMall

0.000000
0.001064
0.000000
0.015793
0.006428

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

Spa
0.000000
0.024500
0.299670
0.148563
0025214

VRDeck
0.000000
0.001823
0.002030
0.007997
0.000083

Sau khi ap dung Min-Max Scaling

24



Vi du

from sklearn.preprocessing import MinMaxScaler
col_names = ['RoomService', 'FoodCourt', 'ShoppingMall', 'Spa', 'VRDeck']

features = df[col_names] & SCIJ dung ter Vlén

scaler = MinMaxScaler().fit(features.values) SCI klt_lean
features = scaler.transform(features.values)
scaled_features = pd.DataFrame(features, columns = col_names) NO

scaled_features.head()

col_names = ['RoomService', 'FoodCourt', 'ShoppingMall', 'Spa', 'VRDeck']
scaled_features = df.copy()

for col in col_names:

scaled_features[col] = (scaled_features[col] - scaled_features[col].min())/(scaled_features[col].max() + scaled_features[col].min())

scaled_features[col_names].head()

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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- . .. . Z.
Ky thuat Standardization (Z-score scaling)

a Diéu nay dac biét hitu ich cho cac thuat toan ma gia dinh rang cac dac trung
tuan theo phan phoi Gaussian hoac khi cac dac trung cd cac don vi va ty 1€
khac nhau.

Data point\ f Mean
_(x—p)
e

-

Standard deviation

RoomService FoodCourt ShoppingMall Spa VRDeck

RoomService FoodCourt ShoppingMall Spa  VRDeck
0 0.0 0.0 0.0 0.0 0.0 0 -0.337025  -0.284274 -0.287317 -0.273736 -0.266098
1 109.0 9.0 250 5490 440 ] -0.173528  -0.278689 -0.245971  0.209267 -0.227692
2 43.0 3R76.0 0.0 B715.0 490 2 -0.272527  1.934922 -0.287317 5634034 -0.223327
3 0.0 1283.0 3710 33790 193.0 3 -0.337025  0.511931 0.326250 2.655075 -0.097634
4 303.0 70.0 1510 5650 20 4 0.117466  -0.240833 -0.037590 0.223344 -0.264352

Trudc khi ap dung Standard Scaling Sau khi ap dung Standard Scaling

26
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- . .. . Z.
Ky thuat Standardization (Z-score scaling)

from sklearn.preprocessing import StandardScaler
col_names = ['RoomService', 'FoodCourt’, 'ShoppingMall', 'Spa', 'VRDeck']

Y€S_ g1 dung thu vién

scikit-learn

features = df[col_names]
scaler = StandardScaler().fit(features.values)
features = scaler.transform(features.values)

scaled_features = pd.DataFrame(features, columns = col_names) N
scaled_features.head() 0]

col_names = ['RoomService', 'FoodCourt', 'ShoppingMall', 'Spa', 'VRDeck']
scaled_features = df.copy()

for col in col_names:

scaled_features[col] = (scaled_features[col] - scaled_features[col].mean())/(scaled_features[col].std())

scaled_features[col_names].head()

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)



~ n . Z.
Ky thuat Log Transformation @

2 Bién doi logarithm (Log transformation) dugc st dung dé gidam tac dong cua
gia tri ngoai |€ (outliers) va xr ly phan phoi dir liéu bi léch lac (handle
skewed).

a1 Bang cach ap dung ham logarithm cho dit liéu, né nén pham vi cta dit liéu va
lam cho phan phoi trd nén doi xu’ng hdn

Count
R
nun o u
o O O o
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3
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FoodCourt odCol rt
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€
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S IS}
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H oE N
w o w o
g © O o ©
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[ hul
C

00000000000000000000000000000

ShoppingMall (original) oppingMall (log-t

Bi€u d6 histogram trudc (bén trai) va sau (bén phal) bién ddi logarithm.
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Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)



Discretization (Binning)

/

5

2 R@i rac héa (quantization hodc binning) l1a mot ky thuét chuyén doi bién lién

tuc thanh cac danh muc rgi rac bang cach chia pham vi cta bién thanh cac
khoang (bins) hodc khoang cach c6 dinh.
2 Viéc nay co thé gitip x(r ly dif liéu nhiéu, don gian héa md hinh hodc tiét 16

cdc mau trong dif liéu ma khdng rd rang vai bién lién tuc.

& W N o= O

Passengerid
0001_01
0002_01
0003_01
0003_02
000401

Lién tuc

Age
39.0
24.0
58.0
33.0
16.0

B W M = O

Passengerld Age_group
0001 01 Age_31-50
0002_01  Age_18-25
0oo3_m Age 51+
0003 02 Age 31-50
0004 M1 Age_ 1317

RGi rac

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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Y 4

du

train['Age_group']=np.nan

train.loc[train['Age']<=12, 'Age_group']="Age_B-12'
train.loc[(train['Age']>12) & (train['Age']<18), 'Age_group'|='Age_13-17"
train.loc[(train['Age']>=18) & (train[ Age']<=25), Age_group']="Age_18-25"
train.loc[(train['Age']>25) & (train['Age']<=38), 'Age_group']='Age_26-38'
train.loc[(train['Age']>30) & (train['Age']<=5@), 'Age_group']='Age_31-58'
train.loc[train['Age']>56, 'Age_group']='Age_51+'

# The first way

binned = pd.cut(train['Age'], bins = 6,labels = ['Age_8-12', 'Age_13-17', 'Age_18-25',
'Age_26-38', 'Age_31-50', 'Age_51+'])

# Second way

bins = pd.IntervalIndex.from_tuples([(@, 12), (12, 18), (18, 25), (25, 38), (38, 58), (56, 188)])

binned = pd.cut(train['Age'], bins = bins, labels = ['Age_8-12', "Age_13-17', 'Age_18-25'
'Age_26-38', 'Age_31-58', 'Age_51+'])

pdcut_output = np.squeeze(np.array([list(binned)]).reshape(-1, 1))

train[ 'Age_group'] = pdeut_output

from sklearn.preprocessing import KBinsDiscretizer

data_age = np.array(train[ 'Age’'].fillna(8)).reshape(-1, 1)
age_group = KBinsDiscretizer(n_bins = 6, encode = "ordinal").fit_transform(data_age).squeeze()

train['Age_group'] = age_group

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)



Chuan héa dic trung bang Robust Scaler

o Robust scaling st dung gia tri trung vi va pham vi gitra cac phan vi
(interquartile range) dé ty I& dif liéu, lam cho nd it nhay cam hon ddi

o Diéu nay hitu ich khi bo dir liéu chua gia tri ngoai 1é hoac khi

B W N = O

V@i gia tri ngoai Ié so vdi Min-Max hoac Z-score scaling.

phén phé‘i. dl’i’li.é‘u khé‘ng dé‘;x‘;lng" L i B sample

¥ /
E = ;—medianlx['
_.(a3-Q1)
Interquartile Range =
Q: Qi
RoomService FoodCourt ShoppingMall Spa VRDeck RoomService FoodCourt ShoppingMall Spa
0.0 0.0 0.0 0.0 0.0 0 0.000000 0.000000 0.000000 0.000000
109.0 9.0 250 5490 44.0 1 2.319149 0.118421 0.925926 9.305085
430 9576.0 0.0 67150 49.0 2 0.914894  47.052632 0.000000 113.813559
o0 1283.0 2710 33790 199.0 3 0.000000 16.881579 13.740741  56.423729
303.0 70.0 1510 565.0 20 4 6.446809 0.921053 5.582593 9.576271

Trudc Robust Scaler Sau Robust Scaler

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

VRDeck
0.000000
0956522
1.065217
4195652
0.043478



N

Example

from sklearn.preprocessing import RobustScaler col_names = ['RoomService', 'FoodCourt’, 'ShoppingMall', 'Spa', 'VRDeck']
col_names = ['RoomService’, 'FoodCourt', 'ShoppingMall', 'Spa', 'VRDeck'] scaled_features = df.copy(

for col in col_names:
features = df[col_names] q1 = scaled_features[col].quantile(B.25)
median = scaled_features[col].quantile(8.5)
03 = scaled_features[col].quantile(B.75)
igr = g3 - ql
scaled_features[col] = (scaled_features[col] - median)/igr

scaler = RobustScaler().fit(features.values)
features = scaler.transform(features.values)
scaled_features = pd.DataFrame(features, columns = col_names)

scaled_features. head() scaled_features[col_names].head()

SU dung scikit-learn S’ dung pandas

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)



Két luan

Min - Max Scaling

Standard Scaling

Log Transformation

Binning

Robust Scaling

Xx_norm = (X - x_min)/(x_max - x_min)
Khi dac trung phan bd gan déu trén mot pham vi c6
dinh.

x_norm = (x - mean(x) )/std(x)

Phan phdi clia dac trung khong chira cac gia tri
ngoai |é cuc doan, gia dinh rang dac trung tuan
theo phan phdi Gaussian hodc c6 cac don vi va ty Ié
khac nhau.

x_norm = log(x) or x_norm = log(1+Xx)
Giam tac dong clia cac gia tri ngoai I€ va xur ly cac
phan phai dir liéu bi léch.

Chuyén d6i bién lién tuc thanh cac danh muc rdi rac
bang céach chia pham vi clia bién thanh cac khoang
(bins).

XCr ly dif liéu nhiéu, don gian héa mé hinh.

x_norm = (x - median(x) )/IQR

Lam cho né it nhay cam han ddi véi cac gia tri ngoai
|€ so vai viéc ty 1€ Min-Max hodc Z-score.

H{tu ich khi bo dir liéu chira cac gia tri ngoai |é hodc
phan phai di liéu khong doi xirng.

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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Chuyén héa dir liéu

Ki€u dit liéu danh muc

(Categorical data)

One-hot Encoding Label Encoding Ordinal Encoding Target Encoding

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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Ky thuat One-hot Encoding

2 D6i véi moi gid tri, s& dugc tao mot cdt nhi phan mdi, vdi gid tri 1 va 0
thé hién su’ c6 mat hodc vdng mat clia danh muc dé trong dir liéu géc.

Passengerld HomePlanet

pd.get_dummies(df[ HomePlanet'], prefix = "is’)

0 0001_01 Europa
is_Earth is_Europa is_Mars
1 0002_01 Earth 0 9 , 0
2 0003_01 Eurcpa ! ! 0 0
2 0 1 0
3 0003_02 Europa 3 0 1 0
4 1 0 0

4 0004_01 Earth

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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Ky thuat Ordinal Encoding

/

5

2 Ma hda Ordinal (Ordinal encoding) gan cac gia tri s6 nguyén cho bién phan
loai dua trén thd' tu hodc x€p hang cua chang..

2 NO phu hgp cho dif liéu th(r tu (ordinal data), trong do cé su thr tu tu’ nhién
giCra cac danh muc.

T -]

age_group_mapping = {'Age_8-12': 1, 'Age_13-17': 2, 'Age_18-25": 3,
"Age_26-38": 4, "Age_31-58": 5, "Age_51+': 6}

train[ 'Age_group_encode’] = train[ 'Age_group'].map(age_group_mapping)
train[['Age', 'Age_group', 'Age_group_encode']].head()

Age Age_group Age_group_encode

380 Age_31-50 5.0
240 Age_18-25 2.0
580  Age 51+ 6.0
330 Age_31-50 5.0
160 Age_13-17 2.0

36
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Ky thuat Label Encoding

/

2 M3 hda nhan (Label encoding) la mdt phucng phap khac dé chuyén doi bién
phan loai thanh gia tri s6 hoc bang cach gan mot s6 nguyén duy nhat cho

moi loai.

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder()
le.fit(train[ "HomePlanet'].astype(str).fillna( 'Unknow').tolist() +
test[ 'HomePlanet'].astype(str).fillna( Unknow') .tolist())

Passengerld HomePlanet

train[ 'HomePlanet_encode’] = le.transform({train[ HomePlanet']) 0 0001_01 Europa

test[ "HomePlanet_encode’] = le.transform(test[’'HomePlanet']) 1 0002 01 Earth

- 2 0003_01 Europa

train[ [ PassengerId’', 'HomePlanet', 'HomePlanet_encode']].head() - P

3 0003_02 Europa

4 0004_01 Earth
Passengerld HomePlanet HomePlanet_encode
o0 0001_01 Europa 1
1 0002_01 Earth 0
2 0003_01 Eurcpa 1
3 0003_02 Eurcpa 1
4 0004_01 Earth 0

Use scikit-learn

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)

train[ 'HomePlanet_enc'],_ = train['HomePlanet'].factorize()
train[[ 'PassengerId’,

"HomePlanet', 'HomePlanet_enc']].head()

HomePlanet_enc

Use pandas

37



Ky thuat Target Encoding

(@\

2 Ma hoa muc tiéu (Target encoding) la loai ma hoa thay thé cac nhan cua
mot dac trung bang mot s6 dugc tinh tir muc tiéu (target).
2 Phuong phap

-

M&t phién ban don gian va hiéu qua la dp dung mét phép tdng hop theo
nhom nhu trung binh (mean). Xem example

Ma hoa muc tiéu vdi ky thuat lam min (smoothing). Xem example

Ma hdéa muc tiéu Bayesian phan cap (Hierarchical Bayesian Target
Encoding). Xem example

38
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https://www.kaggle.com/code/ryanholbrook/target-encoding
https://www.kaggle.com/code/ogrellier/python-target-encoding-for-categorical-features
https://www.kaggle.com/code/mmotoki/hierarchical-bayesian-target-encoding

~ n . ) VA
Ky thuat Simple Target Encoding (Mean &
encoding)
2 Khi ap dung cho muc tiéu nhi phan, phuong phap nay con dudc goi la "bin
counting”.
a Cac tén goi khac ma ban c6 thé gép bao gdm: ma hda xac suét (likelihood
encoding), ma hoa tac dong (impact encoding) va ma hoa "leave-one-out".

train[ "HomePlanet_target_en”] = train.groupby("HomePlanet”)["Transported”].transform( "mean”)

train[["HomePlanet", "Transported”, "HomePlanet_target_en”]].head(18)

HomePlanet Transported HomePlanet target_en

0 Europa False 0.658846
1 Earth True 0423946
2 Europa False 0.6588486
3 Europa False 0.6588460
4 Earth True 0.423946
5 Earth True 0423946
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Danh muc khong xac
dinh
Tao ra mot rui ro dac biét
V€ viéc overfitting, diéu
nay c6 nghia la ching can
dudc huan luyén trén mot
phan dir liéu "ma hda" doc
lap.

Danh muc hiém

Cac gia tri tinh bang phép
tdng hop nhém cb thé

khong dai dién cho mau
nao chiing ta cé thé gap
trong tuong lai — cd thé
lam tang kha nang
overfitting.

Target encoding with smoothing

Tai sao s’ dung ma hoa muc tiéu véi ky thuat lam min?

Target encoding with
smoothina
Y tudng la két hgp gia tri trung
binh trong danh muc véi gia tri
trung binh téng thé. Cac danh muc
hiém thudng co trong s6 thap han
dGi vai gia tri trung binh cla chung,
trong khi cac danh muc bi thiéu chi
don gian dudc gan gia tri trung
binh téng thé.

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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Ma gia - Pseudo code

In pseudocode:
encoding = weight * in_category + (1 - weight) * overall

where weight is avalue between 0 and 1 calculated from the category frequency.

An easy way to determine the value for weight is to compute an m-estimate:

weight =n / (n+m)

where n is the total number of times that category accurs in the data. The parameter m determines the "smaothing factor”.

Larger values of m put more weight on the overall estimate.

https..//www.kaggle.com/code/rvanholbrook/target-encoding

Truwong DH CNTT — Cac ky thuat hoc sau va vng dung (CS116)
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https.//www.kaggle.com/code/rvanholbrook/target-encoding
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Ky thuat tao dac trwng

Phan 1



Ky thuat tao dac trwng

Cac phép bién dbi toadn hoc
Pém so lugng & M3 hoa tan sé
Tong hdp va phan ra dac trung
Nhém téng hop
Phuong phap khac

o Pactrung cum

o bactrung PCA
o Dac trung van ban
a Chudi thai gian

I A IO R




Hiéu dac trung

Tham khao tai liéu di
liéu cua ban, néu co

Hiéu dac trung

Nghién ctu dé thu
dudc cac kién thic
trong linh vuc

Tips kham pha cac dac trieng meoi

Nghién ctu cong trinh

trudc do
CAac bai viét giai phap
tu cac cudc thi Kaggle
trudc day la nguon tai

nguyén tuyét vaoi

Su dung truc quan héa
dii liéu
Truc quan hda cé thé

tiét 16 cac van dé trong
phan b cua mot dac
trung hoac cac maoi
quan hé phtc tap cé
thé dugc don gian hda




y

Cac phép bién doi toan hoc

2 M@&i quan hé gilia cac dac trung s6 hoc thudng dudc thé hién théng qua
cac cong thuc toan hoc.
O Cbéng, tru, nhan, v.v.

autos["stroke_ratio"] = autos.stroke / autos.bore

autos["displacement”] = (
np.pi * ((©.5 * autos.bore) ** 2) * gutos.stroke * autos.num_

of_cylinders

)

# If the feature has 6.6 values, use np.loglp (log(71+x)) instead of

np.log
accidents["LogWindSpeed"] = accidents.WindSpeed.apply(np.loglip) d




Pém so lwong/Ma héa tan so

O Ma hoa tan sbé la mét ky thuat manh mé cho phép mé hinh (vi du: LightGBM) xem liéu céc
gia tri cot 14 hiém hay phé bién.

temp = df['cardl'].value_counts().to_dict()
df["'cardl_counts'] = df['cardl’'].map(temp)

def encode_FE(df1, df2, cols):
for col in cols:
df = pd.concat([df1[col],df2[col]])

vce = df.value_counts(dropna=True, normalize=True).to_dict

ve[-1] = -1

nm = col+'_FE'

df1[nm] = df1[col].map(vc)

df1[nm] = df1[nm].astype( ' float32')
df2[nm] = df2[col].map(vc)

df2[nm] = df2[nm].astype('float32")

print(nm, "', ',end='")




Pém so lwong véi cac dac trwng Boolean

O CAc dac diém mé ta sw hién dién hay vang mét ctia mét thir gi dé thworng xuét hién theo b,
tap hop cac yéu td nguy co ctia mét can bénh. Ban c6 thé tdng hop céac tinh ndng nhw vay
bang cach dém sé lwong.

roadway_features = ["Amenity", "Bump”, "Crossing”, "GiveWay", components = [ "Cement", "BlastFurnaceSlag", "FlyAsh", "Water"
Junction”, "NoExit", "Railway", "Roundabout"”, "Station", "St "Superplasticizer”, "CoarseAggregate’, "FineAggreg
op", "
p ate"]
"TrafficCalming", "TrafficSignal"] )
. . . ) concrete[ "Components”] = concrete[components].gt(®).sum(axis=1)
accidents["RoadwayFeatures"] = accidents|[roadway_features].sum(ax
is=1)

concrete[components + ["Components"]].head(10)

accidents[roadway_features + ["RoadwayFeatures"]].head(18)

:eSlag  FlyAsh Water Superplasticizer CoarseAggregate FineAggregate Components

Railway Roundabout Station Stop  TrafficCalming TrafficSignal RoadwayFeatures 0.0 162.0 2.5 1040.0 6§76.0 5
False False False False False False 0 0.0 162.0 2.5 1055.0 676.0 5
False False False False False False 0

0.0 228.0 0.0 932.0 594.0 5
False False False False False False 0

0.0 228.0 0.0 932.0 594.0 5
False False False False False False [¢]
False False False False False False 0 0.0 1820 | 0.0 978.4 825.5 5
False False False False False False 1 0.0 2280 00 932.0 670.0 5




Phan ra dac trwng

Thuwéng thi ban sé c6 nhirng chudi phirc tap cé thé dwoc chia thanh cac phan don gian hon
mot cach hivu ich.

O PP dwa trén cay (LGBM/XGBoost) khéng thé tw thay cac phan nay, vi vay can tach ching

ra.
Operating Info Operating System Version
Mac OS X10_9_5 :> Mac OS X * 10_9_ 5
Transaction Amt Dollars Cents
1230.45 — 1230 i 45
Policy :t; Type Level
Corporate L3 +

Corporate L3




Tong hop dac trwng

O Ban ciing c6 thé két hop cac dic trwng don gian thanh mét déc trwng tdng hop néu ban cé
ly do dé tin rang c6 sw twong tac nao dé trong sw két hop do.

autos|["make_and_style"] = autos["make"] + "_" + autos|["body_styl
e|I]
autos[[ "make", "body_style", "make_and_style"]].head()

make body_style make_and_style

0 alfa-romero convertible alfa-romero_convertible
1 alfa-romero convertible alfa-romero_convertible
alfa-romero  hatchback alfa-romero_hatchback

audi sedan audi_sedan

B oW N

audi sedan audi_sedan




Tong hop dac trweng (Code)

# LABEL ENCODE
def encode_LE(col, train=X_train, test=X_test,verbose=True):

df_comb = pd.concat([train[col],test[col]], axis=0)

df_comb, _ = df_comb.factorize(sort=True)
am = col # COMBINE FEATURES
if df_comb.max()>32000: def encode_CB(col1,col2,df1=X_train,df2=X_test):
train[nm] = df_comb[:len(train)].astype('int32") nm = coll+'_'+col2
. test[nm] = df_comb[len(train):].astype("int32") df1[nm] = df1[col1].astype(str)+'_'+df1[col2].astype(str)
else:

train[nn] = df_comb[ :len(train)].astype('int16') df2[nm] = df2[col1].astype(str)+'_'+df2[col2].astype(str)

test[nm] = df_comb[len(train):].astype('int16") encode_LE(nm, verbose=False)

Yo




Nhom tong hop

O Théng tin tdng hop trén nhiéu hang dwoc nhém theo mét sd danh muc

O Viéc cung cp LGBM vé&i sb liéu théng ké nhoém cho phép mé hinh (vi du: dwa trén cay)
xac dinh xem mét gia tri 1a phé bién hay hiém déi véi mot nhém cu thé.

O Co6 thé tinh toan sb liéu théng k& nhém bang cach cung cap cho pandas: nhém, bién quan
tam va loai théng ké.

temp = df.groupby('cardl’)[ 'TransactionAmt'].agg([ 'mean'])
.rename({'mean’ :'TransactionAmt_cardi_mean'},axis=1)
df = pd.merge(df, temp,on="'cardl', how="1left")




Nhom tong hop (Vi du)

customer|["AverageIncome"] = (

customer|[["State",

=

g kWM

customer.groupby("State") # for each state

["Income"]

# select the income

.transform("mean") # and compute its mean

State
Washington
Arizona
Nevada
California
Washington

Oregon

Income
56274
0

48767
0

43836
62902

"Income", "AverageIncome"]].head(18)

Averagelncome
38122.733083
37405.402231
38369.605442
37558.946667
38122.733083
37557.283353




Nhom tong hop: Ma gia

D

def encode_AG(main_columns, uids, aggregations=['mean'], train_df=X_train, test_df=X_test,

fillna=True, usena=False):
# AGGREGATION OF MAIN WITH UID FOR GIVEN STATISTICS

for main_column in main_columns:

for col in uids:

for agg_type in aggregations:

new_col_name = main_column+'_'+col+'_'+agg_type

temp_df = pd.concat([train_df[[col, main_column]], test_df[[col,main_column]]])

if usena: temp_df.loc[temp_df[main_column]==-1,main_column] = np.nan

temp_df = temp_df.groupby([col])[main_column].agg([agg_type]).reset_index().rename(
columns={agg_type: new_col_name})

temp_df.index = list(temp_df[col])
temp_df = temp_df[new_col_name].to_dict()

train_df[col].map(temp_df).astype('float32")
test_df[col] .map(temp_df) .astype('float32")

train_df[new_col_name]

test_df[new_col_name]

if fillna:
train_df[new_col_name].fillna(-1, inplace=True)
test_df[new_col_name].fillna(-1,inplace=True)




Pac trieng theo cum

O Khi &p dung cho dac trweng c6 mét gia tri thwe duy nhét, viéc phan cum hoat déng gibng nhw
mot phép bién ddi “binning" truyén thdng.

O Trén nhiéu dac trwng, nd gibng nhw "multi- dlmen3|oﬁ°§l BTF?hT"r"fg (d6i khi dwoc goi la lwong
tir hda vecto). £

42.03
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https://www.kagdle.com/code/ryanholbrook/clustering-with-k-means



https://www.kaggle.com/code/ryanholbrook/clustering-with-k-means

Pac trwng theo cum (2)

d Dac trwng theo cum la loai dac trwng phan loai

O Chién thuat “chia dé tri”:
O Chia nhé cac mdi quan hé phire tap gitra cac dic trwng thanh cac phan don gian hon.
O Sau dé, md hinh chi can hoc tirng phan don gian hon

# Create cluster feature

kmeans = KMeans(n_clusters=6)

X["Cluster"] = kmeans.fit_predict(X)
X["Cluster"] = X["Cluster"].astype("category")

X.head()

Medinc Latitude Longitude Cluster
8.3252 37.88 -122.23 5

8.3014 37.88 -122.22
7.2574 37.85 -122.24
56431 37.85 -122.25
3.8462 37.85 -122.25

B W N = O
— v




Pac trieng PCA

O Cac thanh phan thé hién truc tiép cau trac bién dbi cua dir liéu, chung thuwéng cé thé mang
lai nhiéu thdng tin hon cac dac trung ban dau.

Hay can nhéac viéc loai bo
hoac han ché céc gia tri
ngoai |é vi ching c6 thé co

PCA chi hoat dong v&i cac PCA rat nhay cam véi quy

dac trung s6, nhw sb lwong md (vi du: chuan hoa dir
hodc sb6 dém lién tuc liéu trudce khi 4p dung
PCA)

anh huang khong dang cé
dén két qua.




Pac trieng PCA: Vi du

O S dung PCA véi thu vién scikit-learn

features_c = list([x for x in train_features_df.columns if x.star
tswith("c-")1])

pca = PCA(n_components=n_comp_CELLS, random_state=42)
pca_feat = [f'pca_C-{i}' for i in range(n_comp_CELLS)]

train_features_df[pca_feat] = pca.fit_transform(train_features_df
[features_c])



https://scikit-learn.org/stable/modules/generated/sklearn.decomposition.PCA.html

Pac trwrng van ban

Count Words (Unique
Words), Statistical

Cluster Features SVD over TF-IDF
Text distance transformation

N-gram LDA features
BOW

Word2Vec

Embedding (Bert,..)




Pac trweng van ban (vi du)

O DPém twr (T duy nhat), ty 1& tiéu d&/mo ta, ..

x: len([c str(x) string.punctuation]))

df['title’'] = ! x: cleanName(x))
df["d ription”] r on"] .apply( x: cleanName(x))

cols textfeats:

df[cols] = df[cols].astype(str)

df[cols] = df[cols].astype(str).fillna( 'mi

df[cols] = df[cols].str.lower()

df[cols ' _num_ ] = df[cols].apply( comment: len(comment.split()))

df[cols ue_words'] = df[cols].apply( comment: len(set(w w comment.split())))
df[cols ur e'] = df[cols+' _num_unique_words'] / df[cols+'_num_words'] *

df[cols '_num_letters’] = df[cols].apply( comment: len(comment))

df['title_ len_ratio'] = df['title_num_letters']/df[’d ription_num_lette

https.//www.kaggle.com/code/shubhinderrana/pyt-user-id-features-vgg16-cat2vec-sentiment



https://www.kaggle.com/code/shubhinderrana/pyt-user-id-features-vgg16-cat2vec-sentiment

Pac trweng van ban: Tf-idf

get_col(col_name): x: x[col_name]

russian_stop
vectorizer = FeatureUnion([
('description’, TfidfVectorizer(
ngram_range=(1, 2)
max_features=17
**tfidf_para,
preprocessor=get_col( 'description’))),
('title', CountVectorizer(
ngram_range=(1, 2),
stop_words = russian_stop,
max_features= !

(]+]
ttern”:

ar_tf

np.float3z,

preprocessor=get_col( 'title')))

1)

start_vect=time.time()
tf-idf params
vectorizer.fit(df.to_dict('re "))

ready_df = vectorizer.transform(df.to_dict('records
tfvocab = vectorizer.get_feature_names()

tf-idf fit and transform




Pac trweng van ban: Tf-idf + SVD

# Always start with these features. They work (almost) everytime!

tfv = TfidfVectorizer(min_df=3, max_features=None,
strip_accents="unicode', analyzer='word',token_pattern=r'‘\w{1,}',
ngram_range=(1, 3), use_idf=1,smooth_idf=1,sublinear_tf=1,
stop_words = 'english')

# Fitting TF-IDF to both training and test sets (semi-supervised learning)
tfv.fit(list(xtrain) + list(xvalid))

xtrain_tfv = tfv.transform(xtrain)

xvalid_tfv = tfv.transform(xvalid)

# Apply SVD, I chose 126 components. 128-266 components are good enough for SVM model
svd = decomposition.TruncatedSVD(n_components=128)

svd.fit(xtrain_tfv)

xtrain_svd = svd.transform(xtrain_tfv)

xvalid_svd = svd.transform(xvalid_tfv)




Pac trierng van ban: Word2Vec

Dense
Dropout
FC
FC
Concatenate
Dense
Dropout. Flatten
Flatten FC Dropout
GaussianDropout Concatenate
Concatenate Dropout
FC
Embed | Embed | Embed | Embed Text CNN BiGRU Text CNN BAGRU
Dropout
l:agiunl city I T luzan_ Word2Vec Embed Word2Vec Embed
Category Continous Title Description Image Pixels

https.//www.kaggle.com/competitions/avito-demand-
prediction/discussion/59917



https://www.kaggle.com/competitions/avito-demand-prediction/discussion/59917
https://www.kaggle.com/competitions/avito-demand-prediction/discussion/59917

Ky thuét tao dac trwng cho chuéi théi gian

Exponentially

Date-time Feat Lag Feat Rolling Window Feat E ding Feat
ate-time Features ag Features olling Window Features xpanding Features Weighted Average




Pac trieng Date-time

O CAc tinh nang nay dwa trén ngay thang va hiru ich cho viéc tim kiém xu hwéng ciing nhw
tinh thi vu trong chubi thei gian.
[ nam thang ngay
O ngay trong tuan, tuan trong ndm, mua (quy trong nam)
O la cudi tudn, ngay 18

def get_time_feature(df, col, keep=False):
df_copy = df.copy()
prefix = col + "_"
df_copylcol] = pd.to_datetime(df_copy[col])
df_copyl[prefix + 'year'] = df_copy[col].dt.year
df_copy[prefix + 'month'] = df_copy[col].dt.month
df_copy[prefix + 'day'] = df_copy[col].dt.day
df_copy[prefix + 'hour'] = df_copy[col].dt.hour
df_copy[prefix + 'weekofyear'] = df_copyl[col].dt.weekofyear
df_copylprefix + 'dayofweek'] = df_copy[col].dt.dayofweek
df_copy[prefix + 'is_wknd'] = df_copy[col].dt.dayofweek // 4
df_copyl[prefix + 'quarter'] = df_copy[col].dt.quarter
df_copy[prefix + 'is_month_start'] = df_copy[col].dt.is_month_start.astype(int)
df_copy[prefix + 'is_month_end'] = df_copy[col].dt.is_month_end.astype(int)
1f keep: return df_copy
else: return df_copy.drop([col], axis=1)

+ 4+ + + + + + + + +

df = get_time_feature(df, "time_col")




DPac trwng doé tré (Lag)

O Diéu nay dwa trén y twdng rang cac gia tri trong qua khr c6 thé cé anh hwéng dén cac gia
tri trong twong lai

O CAc tinh ndng nay dwa trén viéc dich chuyén céac gia tri ciia chudi thoi gian theo mot sé don
vi thoi gian nhét dinh.

keys = ...

val = ...

lag = 1

df .groupby(keys)[val].transform(lambda x: x.shift(lag))




Pac trng Rolling Window

O CéAc sb liéu thdng ké nhw gié tri trung binh, trung vi, d I&ch chuan, phwong sai, ti thiéu, toi
da, v.v., dwoc tinh toan trén mot clra sd cudn cla dir liéu.

Heru ich cho viéc tim kiém xu hwéng va tinh thdi vu trong mét chudi thei gian

Vi du: ban c6 thé tao mét dac trwng mang lai gia tri trung binh trong tuan qua

U0

keys = ...
W_ﬂ T window
window = 7 h{Slze:?]

df.groupby(keys)[val].transform(lambda x: x.rolling(window=window, min_periods=3, win_type="triang").mean())
df.groupby(keys)[val].transform(lambda x: x.rolling(window=window, min_periods=3).std())




Pac trweng Expanding Window

O Phién ban nang cao cua ky thuat Rolling Window, nhwng ctra sd bao gém tat ca dir liéu
trwoc do
O Chi xem xét cac gid tri gan day nhat va bé qua céc gia tri trong qua khe

Expanding
keys = ... Window
val = ...

df.groupby(keys)[val].transform(lambda x: x.expanding(2).mean())

df.groupby(keys)[val].transform(lambda x: x.expanding(2).std())

-




Trung binh theo cap s6 nhan

O Twong tw nhw Dac trwng Rolling Window, nhwng trong sé gidm khi cac diém div liéu ci hon

keys = ...
val = ...
lag = 1
alpha=8.95

df_temp.groupby(keys)[val].transform{lambda x: x.shift(lag).ewm(alpha=alpha).mean())




tsfresh: Tao dac trwng tw déng cho chuobi
thoi gian
O Tw déng tinh toan moét sé lwong Ién cac dac trwng chudi thoi gian

1 Github
1 Documents

Automatic
Spend less time on FE extraction of 100s
of features

Forget irrelevant

features



https://github.com/blue-yonder/tsfresh
https://tsfresh.readthedocs.io/en/latest/text/list_of_features.html

Tips tao dac trwng

Linear Model

M6 hinh tuyén tinh hoc
tbng quat, phan biét
mot cach tw nhién
nhwng khéng thé hoc

dwoc gi phue tap hon

(Linear + NN) Model

No6i chung hoat déng
tot hon véi cac dac
trwng dwoc chuan héa
(dwa trén cay it bi anh
huwéng hon). NN dac
biét can cac dac trung
dwoc chia ty 1& khdng
gua xa 0.

Tree-based Model
C4ac mo6 hinh dua trén
cay c6 thé hoc cach
udc chirng hau hét moi
su két hop céc tinh
nang, nhung khi su két
hop dé dac biét quan
trong thi ching van co

thé hudng lgi tir viéc
tao n6é moét cach ro
rang, dac biét la khi dir
liéu bi han ché.

Counts features

S6 lwong dic biét hiru
ich cho cac md hinh
cay vi cac mé hinh nay
khéng cé cach tbng
hop thdng tin tw nhién
trén nhiéu dic trung
cung mét luc.
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