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A
Appendix

A.1 Additional information for the first experi-
ment

A.1.1 Parameter setting

In this section, we present detailed information of the hyperparameters used in the
classification algorithms1 and resampling algorithms2 that we used in our experi-
ment. The entire Python code project can be found at https://github.com/ECOLE-
ITN/CASH4IMBALANCE.

The detailed information on hyperparameters is listed in Table A.1, Table A.2,
and Table A.3.

A.2 Imbalance datasets

In this section, we present 44 examined datasets taken from the KEEL reposi-
tory [186] in Table A.4. For each dataset, we include the Imbalance Ratio (IR),
which is the ratio of the number of majority class instances to that of minority
class instances.

1All classification algorithms are implemented in the Python package scikit-learn(version
0.23.2) [151].

2All resampling algorithms are implemented in the Python package imbalanced-learn(version
0.7.0) [48]
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A. Appendix

Table A.1: Hyperparameters of Classification Algorithms

Algorithm Hyperparameter Range

S
u

p
p

or
t

V
ec

to
r

M
ac

h
in

es max_iter 10000
cache_size 700 (Megabyte)
probability [True, False]
C [0.55,100]
kernel [linear, rbf, poly, sigmoid]
gamma [auto, value, scale]
gamma_value [3.1e-05,8]
coef0 [ -1.0, 1.0]
degree [2, 5]
shrinking [True, False]
tol [1e-05, 1e-01]

R
an

d
om

F
or

es
t n_estimators [1, 150]

criterion [gini, entropy]
max_features [1, sqrt, log2, None]
min_samples_split [2, 20]
min_samples_leaf [1, 20]
class_weight [balanced, balanced_subsample, None]
bootstrap [True, False]

K
-N

ea
re

st
N

ei
gh

b
or

s

n_neighbors [1, 51]
weights [uniform, distance]
algorithm [auto, ball_tree, kd_tree, brute]
p [0, 20]
metric · p = 0 → metric = chebyshev

· p = 1 → metric = manhattan
· p = 2 → metric = euclidean
· p > 2 → metric = minkowski

D
ec

is
io

n
T

re
e

criterion [gini, entropy]
max_depth [2,20]
max_features [1, sqrt, log2, None]
min_samples_split [2, 20]
min_samples_leaf [1, 20]

L
og

is
ti

c
R

eg
re

ss
io

n C [1, 150]
criterion [0.55, 100]
tol [1e-05, 1e-01]
l1_ratio [1e-09, 1]
(penalty, solver) [(l1, liblinear), (l1, saga), (l2, lbfgs),

(l2, newton-cg), (l2, liblinear),
(l2, sag), (l2, saga), (elasticnet, saga),
(none, newton-cg), (none, lbfgs),
(none, sag), (none, saga)]
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A.2 Imbalance datasets

Table A.2: Hyperparameters of Resampling techniques (part I)

Group. Hyperparameter Range

U
n

d
er

re
sa

m
p

li
n

g

CondensedNearestNeighbour
sampling_strategy default
n_neighbors [1, 50]
n_seeds_S [1, 50]
EditedNearestNeighbours
sampling_strategy default
n_neighbors [1, 20]
kind_sel [all, mode]
RepeatedEditedNearestNeighbours
sampling_strategy default
n_neighbors [1, 20]
kind_sel [all, mode]
AllKNN
sampling_strategy default
n_neighbors [1, 20]
kind_sel [all, mode]
allow_minority [True, False]
InstanceHardnessThreshold
sampling_strategy default
estimator none, decision-tree, adaboost

knn, linear-svm, gradient-boosting
cv [2, 10]
OneSidedSelection
sampling_strategy default
n_neighbors [1, 20]
n_seeds_S [1, 20]
RandomUnderSampler
sampling_strategy default
replacement [True, False]
TomekLinks
sampling_strategy default
NearMiss
sampling_strategy default
version [1,3]
n_neighbors [1, 20]
n_neighbors_ver3 [1, 20]
NeighbourhoodCleaningRule
sampling_strategy default
n_neighbors [1, 20]
threshold_cleaning [0.0, 1.0]
ClusterCentroids
sampling_strategy default
estimator [KMeans, MiniBatchKMeans]
voting [hard, soft]
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A. Appendix

Table A.3: Hyperparameters of Resampling techniques (part II)

Group. Hyperparameter Range

C
om

b
in

e
re

sa
m

p
li

n
g SMOTENN

sampling_strategy default
SMOTETomek

sampling_strategy default

O
ve

r
re

sa
m

p
li

n
g

SMOTE
k_neighbors [1, 10]
sampling_strategy default
BorderlineSMOTE
sampling_strategy default
k_neighbors [1, 10]
m_neighbors [1, 10]
kind [borderline1, borderline2]
SMOTENC
sampling_strategy default
categorical_features True
k_neighbors [1, 10]
SVMSMOTE
sampling_strategy default
k_neighbors [1, 10]
m_neighbors [1, 10]
out_step [0.0, 1.0]
KMeansSMOTE
sampling_strategy default
k_neighbors [1, 10]
cluster_balance_threshold [1e-2, 1]
ADASYN
sampling_strategy default
n_neighbors [1, 10]
RandomOverSampler
sampling_strategy default
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A.2 Imbalance datasets

Table A.4: The number of positive, negative classes, attributes (#Att) and the
imbalance ratio (IR) of the KEEL Datasets, ordered by increasing IR value.

Data Sets # Negative # Positive #Att IR
glass1 138 76 9 1.82
ecoli-0_vs_1 77 143 7 1.86
wisconsin 444 239 9 1.86
pima 500 268 8 1.87
iris0 100 50 4 2
glass0 144 70 9 2.06
yeast1 1055 429 8 2.46
haberman 225 81 3 2.78
vehicle2 628 218 18 2.88
vehicle1 629 217 18 2.9
vehicle3 634 212 18 2.99
glass-0-1-2-3_vs_4-5-6 163 51 9 3.2
vehicle0 647 199 18 3.25
ecoli1 259 77 7 3.36
new-thyroid1 180 35 5 5.14
new-thyroid2 180 35 5 5.14
ecoli2 284 52 7 5.46
segment0 1979 329 19 6.02
glass6 185 29 9 6.38
yeast3 1321 163 8 8.1
ecoli3 301 35 7 8.6
page-blocks0 4913 559 10 8.79
yeast-2_vs_4 463 51 8 9.08
yeast-0-5-6-7-9_vs_4 477 51 8 9.35
vowel0 898 90 13 9.98
glass-0-1-6_vs_2 175 17 9 10.29
glass2 197 17 9 11.59
shuttle-c0-vs-c4 1706 123 9 13.87
yeast-1_vs_7 429 30 7 14.3
glass4 201 13 9 15.46
ecoli4 316 20 7 15.8
page-blocks-1-3_vs_4 444 28 10 15.86
abalone9-18 689 42 8 16.4
glass-0-1-6_vs_5 175 9 9 19.44
shuttle-c2-vs-c4 123 6 9 20.5
yeast-1-4-5-8_vs_7 663 30 8 22.1
glass5 205 9 9 22.78
yeast-2_vs_8 462 20 8 23.1
yeast4 1433 51 8 28.1
yeast-1-2-8-9_vs_7 917 30 8 30.57
yeast5 1440 44 8 32.73
ecoli-0-1-3-7_vs_2-6 274 7 7 39.14
yeast6 1449 35 8 41.4
abalone19 4142 32 8 129.44
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A. Appendix

A.3 Additional information for the second experi-
ment

A.3.1 Datasets used in the second experiment

In this section, we present 73 examined datasets taken from OpenML reposi-
tory [204] in Table A.5. For each task, we include the OpenML ID (#task id)
and the corresponding dataset (#ID, Name) together with the number of classes
(#Class), the number of instances(#Sample), the number of features for one
instance (Total features, number of numeric and categorical features), the number
of missing values (#Missing values), the number of instances with missing value
(#Incomplete sample).

A.3.2 Search space

Detailed information on the operators, algorithms and hyperparameters used in
the second experiment is given in Table A.6. The search space was extracted from
Auto-sklearn [45].
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A. Appendix

Table
A

.5:
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A.3 Additional information for the second experiment

Table A.6: List of hyperparameters extracted from Auto-sklearn [39] for Classi-
fication problems

Operator Hyperparameter Type Range

C
la

ss
ifi

ca
ti

on

AdaboostClassifier (sklearn.ensemble.AdaBoostClassifier)
n_estimators Integer [50,500]
learning_rate Float [0.01,2]
algorithm Categorical [SAMME.R, SAMME]
max_depth Integer [1,10]
BernoulliNB (sklearn.naive_bayes.BernoulliNB)
alpha Float [0.01,100]
fit_prior Categorical [True, False]
DecisionTree (sklearn.tree.DecisionTreeClassifier)
criterion Categorical [gini, entropy]
max_depth_factor Float [0,2]
min_samples_split Integer [2,20]
min_samples_leaf Integer [1,20]
min_weight_fraction_le Constant [0]
max_features Constant [1]
max_leaf_nodes Constant [None]
min_impurity_decrease Constant [0]
ExtraTreesClassifier (sklearn.ensemble.ExtraTreesClassifier)
criterion Categorical [gini, entropy]
max_features Float [0,1]
max_depth_factor Constant [None]
min_samples_split Integer [2,20]
min_samples_leaf Integer [1,20]
min_weight_fraction_le Constant [0]
max_leaf_nodes Constant [None]
min_impurity_decrease Constant [0]
bootstrap Categorical [True, False]
GaussianNB (sklearn.naive_bayes.GaussianNB)
Default hyperparameters
GradientBoostingClassifier (sklearn.ensemble.HistGradientBoostingClassifier)
loss Constant [auto]
learning_rate Float [0.01,1]
min_samples_leaf Integer [1,200]
max_depth Constant [None]
max_leaf_nodes Integer [3,2047]
l2_regularization Float [0.0000000001,1]
early_stop Categorical [off, train, valid]
tol Constant [0.0000001]
scoring Constant [loss]
n_iter_no_change Integer [1,20]
validation_fraction Float [0.01,0.4]
KNearestNeighborsClassifier (sklearn.neighbors.KNeighborsClassifier)
n_neighbors Integer [1,100]
weights Categorical [uniform, distance]
p Categorical [1, 2]
LDA (sklearn.discriminant_analysis.LinearDiscriminantAnalysis)
shrinkage Categorical [None, auto, manual]
shrinkage_factor Float [0,1]
n_components Integer [1,250]
tol Float [0.00001,0.1]

continued on the next page
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A. Appendix

Table A.6: List of hyperparameters extracted from Auto-sklearn [39] for Classi-
fication problems – continued from the previous page

Operator Hyperparameter Type Range

C
la

ss
ifi

ca
ti

on

LinearSVC (sklearn.svm.LinearSVC)
penalty Categorical [l1, l2]
loss Categorical [hinge, squared_hinge]
dual Constant [False]
tol Float [0.00001,0.1]
multi_class Constant [ovr]
fit_intercept Constant [True]
LibSVM_SVC (sklearn.svm.SVC)
kernel Categorical [rbf, poly, sigmoid]
degree Integer [2,5]
gamma Float [0.000031,8]
coef0 Float [-1,1]
shrinking Categorical [True, False]
tol Float [0.00001,0.1]
max_iter Constant [-1]
MultinomialNB(sklearn.naive_bayes.MultinomialNB)
alpha Float [0.01,100]
fit_prior Categorical [True, False]
PassiveAggressive (from sklearn.linear_model import PassiveAggressiveClassifier)
loss Categorical [hinge, squared_hinge]
tol Float [0.00001,0.1]
average Categorical [True, False]
QDA (sklearn.discriminant_analysis.QuadraticDiscriminantAnalysis)
reg_param Float [0,1]
RandomForest (sklearn.ensemble.RandomForestClassifier)
criterion Categorical [gini, entropy]
max_features Float [0,1]
max_depth Constant [None]
min_samples_split Integer [2,20]
min_samples_leaf Integer [1,20]
min_weight_fraction_le Constant [0]
max_leaf_nodes Constant [None]
min_impurity_decrease Constant [0]
bootstrap Categorical [True, False]
SGD (sklearn.linear_model.SGDClassifier)
loss Categorical [hinge, log, modified_huber]
penalty Categorical [l1, l2, elasticnet]
alpha Float [0.0000001,0.1]
l1_ratio Float [0.000000001,1]
fit_intercept Constant [True]
tol Float [0.00001,0.1]
epsilon Float [0.00001,0.1]
learning_rate Categorical [optimal, invscaling, constant,]
eta0 Float [0.0000001,0.1]
power_t Float [0.00001,1]
average Categorical [True, False]

continued on the next page
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A.3 Additional information for the second experiment

Table A.6: List of hyperparameters extracted from Auto-sklearn [39] for Classi-
fication problems – continued from the previous page

Operator Hyperparameter Type Range

F
ea

tu
re

P
re

p
ro

ce
ss

in
g

ExtraTreesClassifier (sklearn.ensemble import ExtraTreesClassifier)
n_estimators Constant [100]
criterion Categorical [gini, entropy]
max_features Float [0,1]
max_depth Constant [None]
min_samples_split Integer [2,20]
min_samples_leaf Integer [1,20]
min_weight_fraction_leaf Constant [0]
max_leaf_nodes Constant [None]
min_impurity_decrease Constant [0]
bootstrap Categorical [True, False]
FastICA (sklearn.decomposition.FastICA)
n_components Categorical [10,2000]
algorithm Categorical [parallel, deflation]
whiten Categorical [True, False]
fun Categorical [logcosh, exp, cube]
FeatureAgglomeration (sklearn.cluster.FeatureAgglomeration)
n_clusters Integer [2, 400]
affinity Categorical [euclidean, manhattan, cosine]
linkage Categorical [ward, complete, average]
pooling_func Categorical [mean, median, max]
KernelPCA (sklearn.decomposition.KernelPCA)
n_components Integer [10,2000]
kernel Categorical [poly, rbf, sigmoid, cosine]
gamma Float [3.05E-05,8]
degree Float [-1,1]
RandomKitchenSinks (sklearn.kernel_approximation.RBFSampler)
gamma Float [3.05E-05,8]
n_components Float [50,10000]
LibLinear (sklearn.svm.LinearSVC)
penalty Constant [l1]
loss Categorical [hinge, squared_hinge]
dual Constant [False]
tol Float [1E-05 1E-01]
C Float [0.03125, 32768]
multi_class Constant [ovr]
fit_intercept Constant [True]
intercept_scaling Constant [1]
No Preprocessing

continued on the next page
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Table A.6: List of hyperparameters extracted from Auto-sklearn [39] for Classi-
fication problems – continued from the previous page

Operator Hyperparameter Type Range

F
ea

tu
re

P
re

p
ro

ce
ss

in
g

Nystroem(sklearn.kernel_approximation.Nystroem)
kernel Categorical [poly, rbf, sigmoid, cosine]
gamma Float [3.05E-05,8]
n_components Integer [50, 10000]
degree Integer [2,5]
coef0 Float [-1,1]
PCA(sklearn.decomposition.PCA)
keep_variance Float [0.5, 0.9999]
whiten Categorical [True, False]
Polynomial(sklearn.preprocessing.PolynomialFeatures)
degree Integer [2,3]
interaction_only Categorical [True, False]
include_bias Categorical [True, False]
RandomTreesEmbedding(sklearn.ensemble.RandomTreesEmbedding)
n_estimators Integer [10,100]
max_depth Constant [2,10]
min_samples_split Integer [2,20]
min_samples_leaf Integer [1,20]
min_weight_fraction_leaf Constant [0]
max_leaf_nodes Constant [None]
bootstrap Categorical [True, False]
SelectPercentile(sklearn.feature_selection.SelectPercentile)
percentile Float [1,99]
score_func Categorical [chi2, f_classif, mutual_info]
score_func Constant [chi2]
SelectRates(sklearn.feature_selection.GenericUnivariateSelect)
alpha Float [0.01,0.5]
score_func Constant [chi2]
score_func Categorical [chi2, f_classif]
mode Categorical [for, fdr, fwe]
TruncatedSVD(sklearn.decomposition.TruncatedSVD(algorithm=’randomized’))
target_dim Integer [10,256]

continued on the next page
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A.3 Additional information for the second experiment

Table A.6: List of hyperparameters extracted from Auto-sklearn [39] for Classi-
fication problems – continued from the previous page

Operator Hyperparameter Type Range
Balancing(Additional hyperparameter to classification algorithms)

strategy Categorical [none, weighting]
Categorical encoding

NoEncoding (No hyperparameter)
OneHotEncoder
use autosklearn.pipeline.implementations.SparseOneHotEncoder for spare data and
sklearn.preprocessing.OneHotEncoderfor dense data

Categorical Imputation (sklearn.impute.SimpleImputer)
strategy Constant [constant]
fill_value Constant [2]
copy Constant [False]

Numerical Imputation (sklearn.impute.SimpleImputer)
copy Constant [False]
strategy Categorical [mean, median, most_frequent]

Minority
Coalescense

NoCoalescence (No hyperparameter)
MinorityCoalescer (autosklearn.pipeline.implementations.MinorityCoalescer)
minimum_fraction Float [0.0001,0.5]

Rescaling

MinMaxScaler (sklearn.preprocessing.MinMaxScaler)
copy Constant [False]
None (No hyperparameter)
QuantileTransformer (sklearn.preprocessing.QuantileTransformer)
n_quantiles Integer [10, 2000]
output_distribution Categorical [uniform, normal]
RobustScaler (sklearn.preprocessing.RobustScaler)
q_min Float [0.001, 0.3]
q_max Float [0.7, 0.999]
StandardScaler (sklearn.preprocessing.StandardScaler)
copy Constant [False]

Variance Threshold (sklearn.feature_selection.VarianceThreshold)
threshold Constant [0.0]
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