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Particle Swarm Optimized Gaussian Process
Classifier for Treatment Discontinuation

Prediction in Multicohort Metastatic
Castration-Resistant Prostate Cancer Patients

Olutomilayo Olayemi Petinrin , Xiangtao Li , and Ka-Chun Wong

Abstract—Prostate cancer is the second leading cancer
in men, according to the WHO world cancer report.
Its prevention and treatment demand proper attention.
Despite numerous attempts for disease prevention,
prostate tumours can still become metastatic by blood
circulation to other organs. Several treatments have
been adopted. However, findings show that the docetaxel
treatment induces adverse reactions in patients. Particle
Swarm Optimized Gaussian Process Classifier (PSO-GPC)
is proposed to determine when to discontinue treatment.
Based on three cohorts of prostate cancer patients, we
propose and compare several classifiers for the best
performance in determining treatment discontinuation.
Given the data skewness and class imbalance, the
models are evaluated based on both the area under
receiver operating characteristics curve (AUC) and area
under precision recall curve (AUPRC). With the AUCs
ranging between 0.6717-0.8499, and AUPRCs ranging
between 0.1392-0.5423, PSO-GPC performs better than the
state-of-the-art. We have carried out statistical analysis for
ranking methods and analyzed independent cohort data
with PSO-GPC, demonstrating its unbiased performance.
A proper determination of treatment discontinuation in
metastatic castration-resistant prostate cancer patients
will reduce the mortality rate in cancer patients.
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I. INTRODUCTION

W ITH the continued surge in the number of people af-
fected by cancer, the earlier its detection, the higher the

chances of living [1]. Prostate cancer, a form of cancer peculiar
to men grows in the prostate gland. It is the second leading
death-causing cancer in men in the USA [2]. Popular radiation
therapy and chemotherapy have been challenging and ineffective
for treating tumor metastasis, which has made it responsible for
more than 90% of deaths related to cancer. It is an open problem
in cancer biology [3]. Tumor metastasis aims for highly bel-
ligerent tumor cells with the tendency of dynamism and ability
to grow in distant tissue microenvironments. It contributes to the
high mortality associated with cancer patients. Factors such as
oxygen, which aids oxidative metabolism, the survival of cells,
and adenosine 5’-triphosphate (ATP) generation, influence the
growth of these tumors in the primary location [4].

The consequence of metastasis treatment can sometimes
contribute to resistance to drugs and rapid mortality from the
disease [5]. In some cases, recognizing the sensitivities of
some medications to different forms of existing cancers might
be difficult. With metastasis treatment being a challenging
area in medicine, extensive medical studies have been con-
ducted to determine the best solution and to ensure quality-life
longevity [6], [7].

Deprivation of androgen, also known as Androgen Depletion
Therapy (ADT), is expected to decrease testosterone production
in the male human body, which would also control the growth
and spread of cancer cells. In some cases, although a seemingly
initial response is noticed, the cell growth is later uncontrollable,
which leads to a state known as Metastatic Castration-Resistant
Prostate Cancer (mCRPC) [8], [9]. Considering the risk level,
a first-hand chemotherapy treatment approach for metastatic
cases is recommended for increased chances of survival [10].
Detection has to be made early to prompt treatment. However, it
sometimes contributes to overtreatment, resulting in side effects
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that may reduce life quality. With the advent of new drugs [11]–
[13] in addition to docetaxel, improved choices can be made for
the treatment of mCPRC; nonetheless, with clinical treatment
options such as chemotherapy and hormone therapy, the optimal
method to prevent treatment resistance remains uncertain [14].

Despite the beneficial results docetaxel has exhibited in treat-
ing patients with mCRPC, the management of the risk factors
that arise due to toxicity-related adverse effect has been a cen-
tral challenge [15]. It is necessary that optimal decisions are
made for each patient while balancing the treatment to prevent
overtreatment and progression of the disease [16]. The study
of different drugs and treatments relating to mCPRC is largely
influenced by its mortality-causing adverse effects.

In recent times, machine learning techniques have been ap-
plied to uncover new truths and make predictions to enhance
the detection of prostate cancer, especially in medical images.
As a powerful tool, machine learning methods can be applied
to several aspects of prostate cancer study, such as detection,
localization, and assessment of aggression [17]. It has shown
better accuracy than certified radiologists in predicting Gleason
prostate cancers [18], [19]. In addition, machine learning can be
used to effectively predict docetaxel discontinuation in patient
with metastatic castration-resistant prostate cancer [20].

The metastatic state of cancer is a challenging area in can-
cer research, ranging from the investigation of microenviron-
ment to treatment options. Therefore, the search for prevention
and remedies are always desired. The determination of treat-
ment discontinuation in metastatic castration-resistant prostate
cancer patients can contribute to the reduction of toxicity-
induced mortality and hence improve life quality [21]. Based
on particle swarm optimization for the Gaussian process clas-
sifier, we present a prediction model and compare its perfor-
mance with standard classifiers and existing related works.
Due to the non-parametric property of the Gaussian process
and its successful application in regression, its less-explored
prospect for classification is utilized in this study. The Gaus-
sian process classifier is optimized with the particle swarm
optimization method for its practical and robust convergence
capability [22], [23].

II. METHODS

A. Dataset Composition

The comparator arm of a prostate cancer dataset was collected,
which is a combination of three cohorts (Venice, Ascent-2, and
Celgene) with the information of metastatic-castration resistant
prostate cancer patients. These data can be accessed from the
Project Data Sphere Cancer Research Platform [24]. Information
about Ascent-2, Celgene, Venice cohorts and the entire cohort
combination (hereafter referred to as All cohort) is given in
Table I. The datasets were split into train and test set in a 70 to
30 ratio, and 5-fold cross validation was implemented with grid
search during training for the selection of parameters to prevent
overfitting. Subsequently, we later set Celgene cohort apart as
an independent test set while Ascent-2 and Venice cohort were
combined as training data.

TABLE I
DETAILED INFORMATION ABOUT DATASETS

B. Data Preprocessing

According to the data dictionary associated with the dataset,
the data contains 131 features, some of which represent basic
information about the data source, metastasis tumor locations
and medical history.

1) Data Imputation: Missing values has quite an impact on
predictive analysis and the generated result [25] especially in
clinical trials [26], [27]. This makes data imputation important.
The original dataset had quite some missing values. In some
binary features, the columns only contain “Yes”. However,
according to the data dictionary, the missing areas should be
imputed with “No”. Other instances of missing values also exist
which can have huge impacts on the analysis of the entire dataset.
Due to the size of the instances with missing values, those
instances cannot simply be discarded. For the attributes with
numerical values, the missing values were replaced with the
mean x̄ =

∑
xi

N of the available values; for the attributes with
nominal values, the missing values were replaced with the mode
of the available values. Other features(such as cohort name,
and patient’s IDs,) considered irrelevant to the analysis were
removed.

2) Data Encoding and Normalization: We split the columns
according to the data types and applied one-hot encoding to
the attributes with categorical values to handle the categories’
binarization and prevent the assumption of ordinal relationships.
Attributes with numerical values were normalized as z-scores.

3) Kernel Principal Component Analysis: The classification
of nonlinear data is non-trivial because the hyperplanes are not
easily defined as in the case of linear data. The standard Principal
Component Analysis (PCA) is best suited for linearly separable
data, while the kernel PCA is implemented for dimensional-
ity reduction of linearly non-separable data. This technique
handles multicollinearity, which affects variance in the data.
Using Radial Basis Function (RBF) kernel and transforming
the input data to a high-dimensional space where it is linearly
separated, the mapping can be written as x → φ(x) given the
nonlinear mapping function φ, for each data sample x. The
covariance matrix based kernel trick, which offers an efficient
and computational cost-effective way of transforming data to
a higher dimension, was applied to obtain the eigenvectors α,
by which the data is projected on the principal components.
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Fig. 1. 2D visualization of class distribution before and after oversam-
pling.

It enables functionality in the original feature space without
calculating the data coordinates in a higher dimensional space.

Covariance =
1

N

N∑
i=1

xix
T
i (1)

For every pair of data point, the similarity was calculated based
on:

k(xi, xj) = exp(−γ‖xi − xj‖22) (2)

This resulted in an N ×N symmetric kernel matrix. To center
the symmetric kernel matrix, (3) was applied

K ′ = K − 1NK −K1N + 1NK1N (3)

where 1N denotes the matrixN ×N of 1 s divided byN . At this
point, to select the principal components which maximize the
variance in the dataset, the eigenvectors of the newly centered
kernel matrix corresponding to the largest eigenvalues were
obtained based on (1). We used 100 principal components in
this study.

To transform the test data based on the train data, we project
the new data point x onto the principal component axis g by
computing φxT g. We calculate the kernel between the new data
points and every data point j in the training data:

φxT g =
∑
j

αiφ(x)φ(xj)
T =

∑
j

αik(x, xj) (4)

such that the eigenvalues λ and eigenvectors α of the kernel
matrix K satisfy Kα = λα [28].

4) Oversampling: A major challenge with imbalanced data
lies in the overestimated performance on the majority classes.
In this study, we used Borderline-SMOTE SVM [29] as the
oversampling technique [30]. This technique generates synthetic
minority class samples near the decision boundary as shown in
Fig. 1. The newly synthesized data points increase the occur-
rence of the minority class samples for training purpose.

C. Particle Swarm Optimized Gaussian Process
Classifier (PSO-GPC)

The Gaussian process, used for regression or classification
task, is a non-parametric method which places a Gaussian dis-
tribution over unknown functions. We adopt binary classification
as it is the focus of our study. The classification principle
is based on the prior smoothness while ensuring a good fit
for the observed data. Given a set of N training input points
X = [x1, . . ., xN ]T , each with the corresponding class labels

y = [y1, . . ., yN ]T where y ∈ {0, 1}, we determine the class of
a new data point x∗ based on its posterior probability p(y|x).

In [31], Gaussian process is specified by a positive definite
covariance function k(x;x′) = V[f(x), f(x′)] and a mean func-
tion m(x) = E[f(x)]. By first computing the distribution of the
latent variable f∗ which corresponds to a new test point x∗ for
the posterior p(f |X,y), we have:

p(f∗|x∗, X,y) =

∫
p(f∗|x∗, X, f)p(f |X,y)df (5)

where f = [f1, . . ., fN ]T . After that, we compute the probabilis-
tic prediction for the new test point x∗

p(y∗ = 1|x∗, X,y) =

∫
Φ(f∗)p(f∗|x∗, X,y)df∗ (6)

The non-Gaussian likelihood in (5) makes the integral analyt-
ically intractable. Given its analytical intractability, the non-
Gaussian joint posterior is approximated as a Gaussian posterior
using Laplace analytic approximation method [32], [33]. To
derive the Gaussian approximate q(f |X, y) to the posterior
in (5), we can derive the prior p(f |X) which is Gaussian
f |X ∼ N(0, k) as:

log p(f |X) = −1

2
fTK−1f − 1

2
log |K| − n

2
log 2π (7)

From (7), K is the correlation function, a function of the train-
ing input and the hyperparameters. The correlation function’s
behaviour is affected by the choice of hyperparameter, and
it is desirable to select the values such that it maximizes the
likelihood functions in (7).

Therefore, we find the set of parameters (hyperparameters)
that optimizes (7). In complex cases, the function is usually
multimodal; and this complexity necessitates the use of global
non-convex optimization algorithms [34]. Hence for the opti-
mization task of the classifier [35], we propose the use of Particle
Swarm Optimization (PSO) algorithm due to its fast and robust
convergence algorithm.

PSO, a population-based search algorithm, follows the bird
flocking social behavior. It is a stochastic optimization tech-
nique similar to evolutionary techniques such as genetic algo-
rithm [36]. For each iteration, each particle, i is updated by its
own best value, Pbest, and the best value of any particle in the
population,Gbest, which is the global best solution in dimension
j through time t. In addition, for each particle, its velocity vector
V and position vectorX are updated by (8) and (9), respectively.
This update makes the PSO algorithm less dependent on the
initial points/particles.

Vt+1
ij = wVt

ij + c1r
t
1(P

t
best −Xt

ij) + c2r
t
2(Gbest −Xt

ij)

(8)

Xt+1
ij = Xt

ij +Vt+1
ij (9)

Where w is the positive inertia weight constant by which the
global and local search is balanced (we used 0.5), c1 and c2
denote the positive acceleration constants used to level the
contribution of the cognitive and social components (we set it to
1 and 2, respectively), and r1, r2 represents a random number
from uniform distribution U(0, 1) which is generated at every
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Fig. 2. Runtime of PSO-GPC on Ascent-2, Celgene, and Venice
Cohort Datasets.

velocity update. We have used 100 particles and 30 iterations
for our study.

With the optimized parameters, we can hence make the pre-
diction using

∫
σ(f∗)q(f∗|x∗, X,y)df∗, where q(f∗|x∗, X,y)

contain the the Gaussian mean and variance derived from the
Laplace approximation.

The mechanism of the algorithm is based on the time required
to create the initial population and update the solution, making
the complexity a function of the problem type and the population
size. The PSO algorithm used in the optimization of the classi-
fier in selecting values which maximizes likelihood function is
given in Algorithm 1. Its integration into the Gaussian Process
Classifier is shown in Algorithm 2. Although the objective
function is a strong determinant in the main computational cost,
the complexity of the PSO algorithm to check for termination
condition is:

T (n) = 1 + k + (k.n) + (k.n.logn) + C + 1

T (n) = k + (k.n) + (k.n.logn) + C

In general, the complexity of the algorithm isO(k.nlogn)where
k is the number of iterations and n is the number of particles.
By maintaining the number of iterations as 30, we successively
increased the number of particles from 40 to 100. The resulting
runtime for Ascent-2, Celgene, and Venice datasets is as depicted
in Fig. 2. We also note that runtime is directly proportional to the
number of instances in the datasets. The difference in evaluation
score at each particle is minute and in the same range. Since PSO
makes updates based on the global best particle, the algorithm
halts when a good function is met. This technique makes it easier
for convergence to be achieved quickly.

All analyses in this study were carried out on a Windows 10
64-bit Operating System, X64-based processor computer with
16 GB RAM. Processor specification is Intel (R) Core (TM)
i7-10510 U CPU @ 1.80 GHz.

D. Evaluation Metrics

Due to the high data imbalance and sparsity, the evaluation
of models was based on both the Area Under Receiver Oper-
ating Characteristic (ROC) Curve (AUC) and the Area Under

Algorithm 1: PSO Algorithm.

1: Initialize particles’ velocity (Vi), particles’ position
(Xi), previous best position (Pi), number of particles
(N)

2: while (k < maximum number of iterations K) do
3: for all particles (i) do
4: calculate the fitness function for the current

position xi of the ith particle (F (xi))
5: if (F (xi) < F (Pi)) then
6: Pi = xi

7: end if
8: if (F (xi) < F (G)) then
9: G = xi

10: end if
11: Adjust the velocity and positions of all particles

according to 8 and 9
12: end for
13: Stop the algorithm if a sufficiently good function is

met.
14: end while

Algorithm 2: PSO-GPC Algorithm.
1: Initialize f = 0
2: Compute initial ∇ϕ and W
3: where, ∇ϕ = K(∇logp(y|f)
4: and, W = −∇∇logp(y|f)
5: Using PSO, min∇ϕ
6: where, (∇ϕnew = F (fnew))
7: and, fnew = f − (∇∇ϕ)−1∇ϕ

= (K−1 +W )−1(Wf +∇logP (y|f)
8: Compute logq(y|X, θ)
9: where logq(y|X, θ) =

− 1
2f

TK−1f + logP (y|fn)− 1
2 log[|K|.|K−1 +W |]

10: Return f̂ = ffinal, log q(y|X, θ) (approximated log
marginal likelihood)

the Precision-Recall Curve (AUPRC) [37], [38]. The curves
determine the model performance without dependence or bias
towards the size of the test data used for evaluation. These
metrics incorporate both sensitivity and specificity into one
metric. For a skewed dataset, accuracy might not be a good
evaluation metric as there can be biases towards the majority
class. AUC is a measure of overall performance over all possible
thresholds. A model with an AUC score close to 1 is considered
good. A curve is generated when the True Positive Rate (TPR)
is plotted against the False Positive Rate (FPR) based on (10)
and (11) and the area under the generated curve is the AUC.

TPR =
(True Positive (TP))

(True Positive (TP)+False Negative (FN))
(10)

FPR =
(False Positive (FP))

(True Negative (TN)+False Positive (FP))
(11)

AUPRC is an important metric to use when it is essential for
the model to correctly predict all positive values while avoiding
the prediction of negative values as positive. Especially when
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TABLE II
PERFORMANCE OF METHODS ON COHORTS

working with a medical dataset where the negative class is
prevalent, AUPRC can come in handy. A high AUC does not
necessarily mean a high AUPRC, as it is possible for a model
to have a high AUC but low AUPRC using the same data. The
baseline AUPRC of a model is the percentage of positive values
in the data (Table I). A curve is generated when the precision is
plotted against the recall, and the area under the generated curve
is AUPRC.

Precision =
TP

(TP+FP)
(12)

III. RESULTS AND DISCUSSION

The examined datasets were randomly split into training and
test sets on a ratio of 70% : 30% and the best regularization pa-
rameters for preventing overfitting were selected using a 5-fold
cross validated grid search. Five standard classifiers were trained
and their performance were compared with PSO-GPC. The
classifiers are random forest (RF), categorical boosting (CB),
LightGBM (LGB), XGBoost (XGB), and K-Nearest Neighbor
(KNN). These classifiers performed differently despite some
similarities which exist between them. The performance of PSO-
GPC was further compared with those in published literature.

The performance analysis of the models on all examined
cohorts is shown in Table II and the resulting curves in Fig. 3 (a)-
(h). With the baseline AUPRC of Ascent-2, Celgene, Venice
cohorts and All cohorts given as 0.2206, 0.0779, 0.0553, 0.1232
respectively, PSO-GPC provides better performance than other
methods with considerable improvements. In view of the fact
that the number of negative samples is greatly higher than the
number of positive samples in the data, a high AUC does not
necessarily mean a high AUPRC. When there is a high change in
the number of false positives (i.e. patients who should continue
with treatment but wrongly classified as patients who should
discontinue treatment), it can only result in a low change in
the FPR used for the ROC analysis. On the other hand, the
precision reflects and showcase the effect which the high number
of negative samples has on the performance of the classifier by
making a comparison between the wrongly predicted positive
(FP) and rightly predicted positives (TP) rather than the rightly
predicted negative samples (TN) [39].

In articles published by [20], where a similar dataset was used,
positive samples were about 10%. Submissions made for the
challenge had the AUPRCs ranging between 0.088 and 0.178,

TABLE III
COMPARISON OF CLINICAL IMPORTANCE BETWEEN PSO-GPC AND

STATE-OF-ART RESULTS [40]

and AUC ranging between 0.55 and 0.60 for All cohort. The
AUPRCs are low due to the low number of predicted positive
cases. In the submission made by [40] in a similar challenge
(winners of the challenge), using random forest on All cohorts,
Ascent-2, Celgene and Venice cohorts, the recorded AUCs were
0.6356, 0.5726, 0.6420, and 0.547 respectively, and AUPRCs
were 0.2001, 0.3089, 0.1598, and 0.1006 respectively. The last
two rows of Table III shows the estimated number of patients
who can be prevented from wrong treatment. Using PSO-GPC,
the number of patients to be discontinued from wrong treatment
is triple (All and Ascent-2 cohort) and double (Celgene and
Venice cohort) the number recorded by the state-of-art method.
Analysis in the medical field aims towards consistency and best
achievable performance. PSO-GPC has maintained consistency
in performance across all analyzed cohorts with competitive
AUCs and AUPRCs, performing better than results in pub-
lished literature. We believe that the data preprocessing and
optimized method used have influenced the improvement in our
result compared with benchmark results published. Xgboost and
LightGBM were recommended to perform better than random
forest [40]. This recommendation influenced their use as clas-
sifiers for comparison. PSO-GPC performed consistently better
across all examined datasets.

Kendall’s coefficient of concordance used for the statistical
ranking of the methods shows a high level of agreement in the
ranking of the methods. Kendall’s W ranges from 0 to 1, with 1
showing a high level of agreement between the raters. A score
of 0.914, 0.971, 0.971, and 0.743 was obtained for All Cohort,
Ascent-2, Celgene, and Venice cohort, respectively. PSO-GPC
was consistently ranked with a mean average of 6.0 across the
datasets. We further utilized the Friedman non-parametric test
method in assessing/ranking the models for the datasets. The
null hypothesis expects the average rank of the models to be
equal. If they are not equal, the null hypothesis is rejected. With
p-value p < 0.001, the mean rank obtained for the models is
reported as PSO-GPC = 6.00, CB = 3.75, LGB = 4.13, RF =
2.63, KNN = 1.38 and XGB = 3.13. The consistent high rank
of PSO-GPC shows its stability and robustness.

A. Feature Importance Analysis

We determined the important features in All cohort dataset
using a random forest algorithm and AUPRC criterion. The
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Fig. 3. Receiver Operating Characteristic (ROC) Curves with Area Under Curve (AUC) values of (a) All Cohort, (c) Ascent-2 Cohort, (d) Celgene
Cohort, (e) Venice Cohort. Precision-Recall Curves with Area Under Curve (AUPRC) values of (b) All Cohort, (f) Ascent-2 Cohort, (g) Celgene
Cohort, (h) Venice Cohort.

top-ranked 20 features are shown in Fig. 4 with their correspond-
ing importance values. “ENDTRS _ C”, the most important at-
tribute has four categories. This attribute gives information about
the reasons for discontinuation such as Adverse Effect, Possible
Adverse Effect, Progression for patients still receiving treatment,
and Complete for patients who completed the treatment. It
essentially generates better information in the determination of
patients who had to discontinue treatment. “ALB” represents

Albumin which is a marker for assessing the nutritional status
of patients. A low level of albumin can significantly affect the
metastasis of malignant tumor cells [41]. Magnesium “MG” and
Sodium “NA” are also important attributes that determine drug
administration toxicity in patients. The deficiency of Sodium
and Magnesium is known to cause an increase in risk for cancer
patients [42], while a high concentration of Phosphorus “PHOS”
on the other hand, can pose a potential risk for cancer [43].
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Fig. 4. Attribute Importance of All Cohort Dataset.

Total Protein “TPRO” in the body can influence the growth of a
tumor and toxicity of a drug, as it is evident that amino acid is one
of the essential nutrients for the development of cancer cell [44],
[45]. The non-target lesion, that is, the yet-to-be-measured noted
changes in the tissue, are also essential factors for determin-
ing the degree of disease progression [46]. The Gleason score
“GLEAS _ DX” is also a known strong determinant in the
survival rate of prostate cancer patients. Creatinine clearance
“CCRC” influences the survival rate of cancer patients [47].
A decrease in the creatinine clearance tends to increase the
therapeutic effect by increasing the concentration of cisplatin.
The environment/region “REGION _ C” where an individual
resides influences the climatic condition, dietary pattern, and
lifestyle of an individual. These factors can contribute to the
body’s reaction to treatment. Other important attributes in Fig. 4
are Glucose level, benign or malignant neoplasm, creatinine,
blood urea nitrogen value, target lesion, testosterone level, lym-
phocytes value, primary tumor stage (i.e., score of tumor at
primary location), patient’s performance status, and white blood
cells count. We note that majority of the top contributing features
are related to the patient’s laboratory medical history rather
than the location of the tumor metastasis. We also consulted
and discussed our findings with an expert to further affirm the
importance of the stated features in the determination of patients
reaction to treatment.

B. Independent Testing Set

Due to the low rate of discontinuation cases in the Celgene
cohort dataset, we selected it as an independent testing data while
we trained the models based on the combination of Ascent-2 and
Venice cohort datasets. Attributes with importance values above
the threshold of 0.001 were selected, and PSO-GPC was com-
pared with other methods. An AUC of 0.6948 and AUPRC of
0.2126 were obtained, as shown in Fig. 5 and 6. This procedure of
using only selected attributes was also implemented in the litera-
ture used for comparison. With the discontinuation rate of 7.79%
in the Celgene cohort, which is equivalent to 0.0779 AUPRC
baseline, if the usual therapy wrongly continues the treatment
of 77.9 out of 1000 patient with docetaxel, it is expected that with
PSO-GPC, we can discontinue the treatment of approximately

Fig. 5. Receiver Operating Characteristic (ROC) Curves on Indepen-
dent Testing Dataset with Area Under Curve (AUC) values.

Fig. 6. Precision-Recall Curves of Independent Testing Dataset with
Area Under Precision-Recall Curve (AUPRC) values.

11 (i.e. ((0.2126− 0.0779)/(1− 0.0779) ∗ 77.9)) out of the
approximately 78 patients, hence preventing them from adverse
effects such as death. Considering that the state-of-art method
could place approximately 10 out of 104 patients from wrong
treatment, PSO-GPC performs better, considering that it can
discontinue wrong treatment of 15 out of 104 patients. Despite
training with lesser data, PSO-GPC harnesses its strategy of
updating the particles with the global best solution for global
search. This strategy enables the optimization of the Gaussian
process classifier in selecting suitable parameters for robust
performance.

C. Contrast With Related Works

In the challenges where the same data had been used, the ma-
jority of submissions from teams were based on ensembles and
standard classifiers. In previous studies, ensembles have shown
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superior predictive ability compared to standard classifiers. We
believe that random forest, which is an ensemble, contributed
to the overall performance of [40] in the challenge. Methods
used by [20], also involved standard classifiers and ensembles.
In our study, using a standard classifier that is optimized with
the metaheuristic algorithm enables the white-box robustness of
the method to different data conditions. To achieve the robust
performance, harnessing the power of metaheuristic algorithms
in the optimization of standard classifiers is a viable prospect.

IV. CONCLUSION

The prevalence of prostate cancer in men and its high mortality
rate necessitates a pragmatic approach to it. Treatment with
docetaxel is prevalent in patients with mCPRC, but it sometimes
has an adverse effect on some patients due to toxicity. Based
on the design of PSO-GPC, we have successfully predicted
the discontinuation of docetaxel treatment.This method has per-
formed consistently better than examined classifiers (including
XGB and LGB) and methods in the literature. With the 1600
patient records, its unbiased and robust performance has been
demonstrated under diverse experimental settings. We have also
revealed the contribution of clinical values in patients’ records
in the determination of treatment discontinuation. The limita-
tion lies in the large number of missing values whose records
cannot be removed to prevent bias [48], but had to be imputed
using suitable data imputation techniques. Sufficient data size is
important for cancer research. This helps the model to train with
diverse samples and mitigate any effect that might arise from
missing data. We believe such challenges of missing data can
be addressed right from the data capturing and documentation.
This will produce research outcomes that have high clinical
importance. In future works, new techniques can be developed
for imputation. Adequate data capturing and documentation
should also be prioritized.
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