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Abstract. Class imbalance in medical datasets may lead to the genera-
tion of biased Machine Learning models. Several methods are used to bal-
ance datasets but they do not consider the majority class samples while 
oversampling. Therefore, in this study, we proposed a novel technique 
called Borderline Counterfactual Oversampling with Noise elimination 
and Density Scoring (BCONDS). The method utilises isolation forest 
to remove the noisy samples from the majority class. Gower distance is 
used to find borderline minority class instances and extract their cor-
responding majority class neighbours. These neighbouring samples are 
then used to generate counterfactuals in order to enhance the separabil-
ity of classes. The empirical analysis of four benchmark medical datasets
indicates that our proposed technique outperforms other state-of-the-art
techniques. On average, an improvement of 9.6% and 5.9% is recorded
in the AUC and Gmean values of BCONDS when compared with other
methods.

Keywords: counterfactual · borderline · density scoring · 
oversampling · go wer distance · medical datasets

1 Introduction 

The distribution of data samples in many real-world medical classification 
datasets is not uniform. This imbalance occurs when the majority class typi-
cally dominates the data, causing the classification algorithms to overlook or 
incorrectly categorise the minority class samples. In the healthcare domain, this
skewness towards one class can cause discrimination in the output of automated
decision-making systems that may have serious consequences [6]. 

The widely used method to handle this problem is oversampling [21]. Chawla 
et al. presented a method called the Synthetic Minority Oversampling Technique 
(SMOTE) that uses in terpolation to generate synthetic samples of the minority
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class [ 1]. SMOTE has shown successful results in many applications to m itigate
the class imbalance issue [5]. 

However, the performance of SMOTE declines for real-world datasets w ith
high dimensionality and complexity [14]. Therefore, various improved variants 
are proposed to address these limitations. Most of these variants are focused on 
generating synthetic samples using minority-class data points. However, neglect-
ing the majority class entirely while generating new samples may lead to inac-
curate data generation [22]. Moreover, generating data samples only in safe 
regions i.e., far from the sample boundary does not contribute to the separa-
bility between classes [2]. 

In this paper, we extend our model [13] by addressing its limitations. The 
previous model utilised a Support Vector Machine (SVM) classifier to detect 
borderline data samples, based on their distance from the decision boundary. 
Consequently, the model’s overall performance was heavily reliant on the SVM 
classifier. Furthermore, the approach did not incorporate mechanisms for identi-
fying and removing noisy samples, which led to the generation of outliers in the
balanced dataset.

Therefore, we proposed an improved novel technique for the generation of 
synthetic data called counterfactuals. To define counterfactual, consider x is a 
sample in dataset X. The sample x is called a factual sample and its label y is 
called a factual label. If the value of factual sample x is changed to x’ by simulat-
ing ph ysical intervention then it can be referred to as a new sample generation
called counterfactual sample while the rest of the samples remain unchanged
[22]. The proposed model BCONDS is based on noise removal, borderline sam-
ple extraction and density scores. At first, the model takes an im balanced med-
ical dataset. Then, noisy samples are detected using the Isolation Forest (IF)
algorithm [11]. To balance the training set, borderline instances of the minority 
class are identified. The majority-class neighbours of these borderline minority 
instances are extracted and further used to generate counterfactuals using den-
sity scores. BCONDS is e valuated on four benchmark medical datasets. These
datasets consist of numerical, continuous and categorical feature values.

The key contributions of this study include: The implementation of IF algo-
rithm to eliminate noisy samples from the dataset. This method prevents the 
distance calculation for each majority sample as done in most of the oversam-
pling methods, thus decreasing the overall computational cost. A novel method 
to identify borderline minority samples using Gower distance is implemented 
as it efficiently handles mixed data types; then majority class neighbours of 
these borderline samples are extracted and used to generate counterfactuals. To 
enhance the separability of different classes and ensure guided sampling, a new
method based on the Imbalance Ratio (IR) and density scores is used to estimate
the number of samples to be generated from each majority neighbour. Also, the
performance of the model is assessed on four benchmark medical classification
datasets.

To better analyse our proposed technique we formulated the following 
hypothesis and related research question:
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Hypothesis: BCONDS with its noise removal technique and borderline coun-
terfactual generation can help improve the classifier’s performance on medical 
datasets. 

RQ1. Can BCONDS improve the classification performance? If so, which 
classifier has better Area U nder Curve (AUC) and Geometric mean (G-mean)
scores?

The remainder of the paper is organised as follows:
Section 2 provides an overview of recent oversampling techniques. Section 3 

describes the counterfactual generation methodology in detail. Section 4 provides 
an explanation of datasets and corresponding results. Lastly, Sect. 5 concludes 
the overall discussion with future directions.

2 Literature Review 

This section provides a summary of recent techniques that used synthetic over-
sampling particularly focused on decision boundary enhancement and noise
removal techniques.

Liang et al. proposed LR-SMOTE that used SVM classifier to identify mis-
classified samples and then generate samples near them. The SVM classifier 
has a major impact on the algorithm’s performance. Therefore, to eliminate 
the dependency we implemented distance and density-based methods to identify 
borderline and hard to learn samples. Moreover, an adaptive semi-supervised
weighted oversampling (IA-SUWO) technique is proposed in [23]. IA-SUWO 
uses a weighting mechanism based on least square support spectrum values and 
the Improving Majority Weighted Minority Oversampling (IMWMO) technique 
to locate hard to learn minority class data points and to generate samples near 
them. The method uses Euclidean distance which may not perform w ell for
diverse datatypes. For this reason, BCONDS make use of Gower distance as it
can handle diverse data types effectively.

Furthermore, a self-adaptive Robust SMOTE (RSMOTE) is presen ted by
Chen et al. [2]. The method calculates relative density to split the minority class 
data samples into safe, noisy, and borderline regions. The new samples are gen-
erated only in borderline and safe regions only. Also, Range-Controlled SMOTE
(RCSMOTE) is proposed by Soltanzadeh et al. [16]. The method uses a sample 
categorisation scheme to locate minority data points that lie in borderline and 
safe regions. The generation of new samples is controlled by range calculation 
to avoid intrusion into majority class points. The majority class samples are not 
considered by these approaches a t any point throughout the data generation
process. Contrary to the above, a counterfactual generation method is proposed
by Wang et al. [22]. The method takes random samples from the majority class 
distribution and generates counterfactuals based on truncated probability dis-
tribution. The method does not take into account the noisy s amples and also it
doesn’t explicitly identify borderline samples to pass only those to the generation
process.

Therefore, we have presented an improved counterfactual generation process 
that considers both the majority and minority classes to generate new data
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points. It also explicitly identifies noisy or outlier and borderline samples. The 
borderline counterfactual generation process is elaborated in Fig. 1. 

Fig. 1. BCONDS generation process (a) Identification of borderline minority instances 
(green presents minority class and blue presents majority class) (b) Extract ma jority
class neighbours (c) generate counterfactuals as described in Sect. 3.2 (more generation 
near dense minority samples represented in y ellow). (Color figure online)

3 Methodology 

Figure 2 presents the methodology diagram of BCONDS. The method takes an 
imbalanced medical dataset and identifies noisy samples using IF or iForest algo-
rithm [11]. The dataset is then divided into train and test sets. The training set 
is passed further to balance the dataset by generating synthetic data. Then, bor-
derline minority instances are located and their neighbours, which belong to the 
majority class are extracted. The density score for each neighbouring majority 
sample is calculated to determine the n umber of counterfactuals to be gener-
ated from each data point. The generation process outputs a balanced training
dataset which is further used to train ML classifiers and performance evaluation.

Fig. 2. Overview of the proposed BCONDS to generate counterfactuals
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3.1 Preprocessing 

This section explains the preprocessing pipeline before c ounterfactual generation
in detail.

In order to identify noisy samples, we implemented IF algorithm. It is a 
model-based approach to identify noise or anomalies in a dataset [11]. The model 
builds an ensemble of iTrees. Noise is defined as data points with a short average
path length in the tree as shown in Fig. 3. This method is efficient for large 
datasets and eliminates the need to calculate the distance for each sample.

Fig. 3. Isolation Forest (IF) algorithm where red represents noise or anomalies with 
short average path length (Color figure online)

After identifying noisy samples from the majority class instances, we divide 
the original dataset into train and test sets of ratio 70:30. The training set is 
then passed to the borderline detection method. For each minority c lass data
point, its m number of neighbours is extracted using Gower distance as given in
Eq. 1. Gower distance can efficiently handle mixed data types and provide better
measurement of dissimilarity [7]. 

.DG(A,B) =
∑n

s=1 |As − Bs|∑n
s=1 |max(As) − min(As)| (1) 

where .A and .B are the two data points. .As and .Bs are the features with . s =
1, 2, 3, .... . n. . n indicates the total number of features in a dataset.

If all the neighbours of the minority class sample under consideration belong 
to another class, that point is not used in the data generation process. If the
number of neighbours lies between 2 and . m, then it is considered a borderline 
instance, and its majority class neighbours are extracted to generate coun ter-
factuals. The number of the nearest neighbours (. m) is kept 3 for PIDD and 
Haberman datasets and 5 for WDBC and Parkinsons dataset to get the best
results.
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Afterwards, the density score for each of the extracted majority class neigh-
bour points is calculated using Eq. 2. 

.Density Score =
n∑

i=1

1
DG(A,B)i + ∈

(2) 

where . n is the neighbours, .DG(A,B)i is the distance of .ith neighbour and . ∈ is 
the small distance to avoid division by zero. A higher density score indicates the 
presence of a minority sample within the dense majority points region. Further, 
in the final selection of majority class data points for counterfactual generation,
samples that are also identified as noisy by IF are discarded so that they are not
used in sample generation.

3.2 Generate Counterfactuals 

The finally selected majority class data points are then used to generate coun-
terfactuals. The adaptive sampling rate is determined by using Algorithm 1 to
guide the resampling process.

Algorithm 1: Find adaptive sampling rate
Input: nml, ds, tmas, tmis →neighbour list, density score, train majority, train minority

Output: usr, hps, counterfactuals →uniform sampling rate, hard to predict samples

imbalance = len(tmas) - len(tmis)
avg_ds = AVG(ds)
hps=extract(nml) with ds > avg_ds → points with density scores greater than
average

If imbalance > 0:
usr = len(tmas)

len(tmis) × len(nml)
For i in range(usr):

generate_counterfactuals(nml)
imbalance = imbalance − 1

If imbalance > 0:
while imbalance > 0:

generate_counterfactuals(hps)
imbalance = imbalance − 1

After calculating the sampling rate, counterfactuals are g enerated as detailed
in [13]. For any majority sample . sn, the set of perturbations to generate coun-
terfactual is defined as Eq. 3. 

. Bnm = {Δsn | Δsnm ∼ Fnm, s′
n = sn + Δsn, sn ∈ Sj , fŵ(sn) = l, fŵ(s′

n) = k}
(3) 

where .Bnm is the generated counterfactual, .sn is the majority class sample (fac-
tual sample), .snm represents each feature, .Δsn is the change whereas . l is the
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output label of majority class and . k is the output label for minority class. . Fnm

represents the distribution on the perturbations .Δsnm estimated by using prob-
ability density function of truncated normal distribution. It is defined in Eq. 4. 

. Fnm
(
Δsnm | Snm, S−

n , S+
n , σ

)
=

⎧
⎪⎪⎨

⎪⎪⎩

1
σ

ψ
(

Δsnm
σ

)

Φ

(
S
+
n −Snm

σ

)
−Φ

(
S
−
n −Snm

σ

) if S−
n ≤ snm + Δsnm≤S+

n ,

0 otherwise
(4) 

where .S+
n and .S−

n are the maximum and minimum values of the .mth feature of 
the original dataset, . σ and . ψ is the standard deviation and probability density 
function of standard normal distribution respectively. . Φ presents the cumulative 
distribution function. .ΔSnm is truncated to the range .[S−

m − Snm, S+
m − Snm]. 

Further, a Random Forest (RF) classifier is trained on the original dataset 
to classify each generated counterfactual. If the newly generated sample is clas-
sified as a minority class then it is added to the dataset otherwise the sample is
discarded and the next perturbation is performed. The process continues until
the training set becomes balanced.

In practice, the oversampling is done by utilising the Gibbs sampling prin-
ciples i.e., introducing a latent variable to modify features iteratively [3]. Also, 
it enables the method to explore possible counterfactual space using truncated 
normal sampling. This reduces the overall computational cost of the model.

4 Performance Evaluation 

4.1 Datasets 

We assessed our proposed method BCONDS on four benchmark open-sourced 
medical datasets including the Pima Indian Diabetes Dataset (PIDD) [8], Haber-
man dataset [19], Wisconsin Breast Cancer dataset (WDBC) [18], and Parkin-
sons Disease Dataset [20]. These datasets contain continuous, numerical, and 
categorical datatypes. The detail of each dataset is given in Table 1. 

Table 1. Summary of each evaluated medical dataset where NoC = Number of Classes, 
NoS = Number of Samples, D = Dimension, MaC = Majority Class, MiC = Minority
Class, and IR = Imbalance Ratio

Dataset NoC NoS D MaC MiC IR 
Pima Indian Diabetes Dataset (PIDD) 2 768 8 500 268 1.866 
Haberman 2 306 3 225 81 2.778 
Wisconsin Breast Cancer Dataset (WDBC) 2 569 30 357 212 1.7 
Parkinsons Dataset 2 195 23 147 48 3.060
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4.2 Evaluation of Our Proposed Method 

We trained and tested three ML classifiers: Logistic Regression (LR) as it is 
computationally efficient, C4.5 is a baseline standard for comparing oversampling
techniques [4], and RF is used extensively to assess the quality of generated data. 
The number of samples generated for each dataset to balance the training sets
is given in Table 2. 

Table 2. Number of generated samples for e ach dataset.

Dataset Number of Generated Samples

PIDD 161 
Haberman 104 
WDBC 100 
Parkinsons 70 

We used four evaluation metrics to assess the performance: Accuracy, AUC, 
F1-score, and Gmean. These metrics are extensiv ely used to evaluate oversam-
pling techniques [9, 10, 23]. Table 3 shows these metric values for the models 
trained on synthetically balanced datasets. The difference in the performance 
of BCONDS on each dataset depends on several factors including IR, distribu-
tion of minorit y and majority classes, and number of borderline instances and
noise in each dataset.

Table 3. Performance metrics for each dataset a nd classifiers using BCONDS

Datasets Classifiers Accuracy AUC F1-score Gmean 
PIDD LR 0.7749 0.8448 0.7174 0.7857 

C4.5 0.8442 0.8817 0.7857 0.8395 
RF 0.8528 0.9173 0.8046 0.8579 

Haberman LR 0.7174 0.6713 0.8060 0.6145 
C4.5 0.7282 0.6969 0.8148 0.6202 
RF 0.7391 0.7628 0.8235 0.6258 

WDBC LR 0.9591 0.9913 0.9674 0.9577 
C4.5 0.9415 0.9586 0.9524 0.9469 
RF 0.9708 0.9981 0.9765 0.9735 

Parkinsons LR 0.7288 0.8727 0.8000 0.7303 
C4.5 0.8983 0.9015 0.9302 0.8876 
RF 0.9153 0.9530 0.9425 0.8987
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4.3 Comparison with State-of-the-Art Techniques 

Based on the analysis, the answer to our d evised research question is as follows:
RQ1. Can BCONDS improve the classification performance? If so, which 

classifier has better Area U nder Curve (AUC) and Geometric mean (G-mean)
scores?

Table 4 compares BCONDS on those metrics that were common with other 
state-of-the-art methods. The comparison indicates that our proposed method 
outperforms others except for the Gmean value of SymProD and IA-SUWO 
techniques, which are slightly higher on Haberman and Parkinsons datasets. 
Furthermore, BCONDS is more accurate with an average improvement of 9.6% 
and 5.9% for AUC and Gmean respectively as compared to other oversampling 
methods. This is mainly because BCONDS incorporates the inherent information
of the majority class along with the minority class unlike most of these methods.
Also, the noise removal and borderline counterfactual generation help to enhance

Table 4. Comparison of BCONDS with other state-of-the-art techniques

Dataset Technique AUC Gmean 
PIDD LWNB+SMOTE [ 15] 70.7 67.9 

RCSMOTE [ 16] 78.4 76.2 
NI-MWMOTE [ 24] 74.6 74.5 
SMOTE-LOF [ 12] 81.4 – 
KSMOTE [ 17] 77.8 – 
RSMOTE [ 2] 88.6 82.5 
IA-SUWO [ 23] 73.7 73.6 
SymProD [ 9] 82.6 76.4 
BCONDS 91.7 85.8 

Haberman LWNB+SMOTE [ 15] 67.2 57.0 
RCSMOTE [ 16] 71.5 58.2 
NI-MWMOTE [ 24] 62.2 59.9 
SMOTE-LOF [ 12] 73.1 – 
KSMOTE [ 17] 67.2 – 
IA-SUWO [ 23] 62.4 59.9 
SymProD [ 9] 71.4 67.3 
BCONDS 76.3 62.6 

WDBC LWNB+SMOTE [ 15] 97.8 92.4 
Counterfactual [ 22] 97.8 97.0 
BCONDS 99.8 97.3 

Parkinsons RCSMOTE [ 16] 88.9 85.9 
IA-SUWO [ 23] 90.6 90.2 
BCONDS 95.3 89.9
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the separability of the classifier. Therefore, we can conclude that BCONDS help 
to impro ve the performance of the classifier.

To statistically identify the best-performing classifier, we applied a one-way 
ANOVA test on each dataset using 5 fold-cross validation. The p-values were 
less than 0.05 (significance level) except for the Haberman dataset because it is 
a small dataset with less number of features. Therefore, in general, we reject the 
null hypothesis which s tates that there is no significant difference between the
classifier performance. Keeping in view the AUC scores, we conclude that the
RF classifier performs best as compared to LR and C4.5.

Consequently, we fail to reject our hypothesis stating that BCONDS help to 
improve the performance of the classifier on medical datasets.

5 Conclusion and Future Work 

In this study, we proposed a new borderline counterfactual generation method 
called BCONDS. The method incorporates noise elimination by employing IF 
algorithm. Furthermore, the borderline minority instances are identified and 
then their majority-class neighbours are extracted to generate counterfactuals. 
An adaptive sampling rate based on density scores is calculated to implement 
guided oversampling. The comparison shows that BCONDS outperforms other 
state-of-the-art methods. However, finding an optimal value for the majority 
nearest neighbour to be extracted is challenging as it depends on the nature of 
the dataset. In future, we will upgrade our model to find adaptive nearest neigh-
bour value b y taking into account both intra and inter-class imbalance. Also, we
will extend our experiment to multi-class, large and high-dimensional medical
datasets.
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