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Abstract 

Breast cancer has become the most common malignant tumor, making early and precise 
diagnosis crucial for improving patient survival rates. However, although high-dimensional 
clinical data can provide rich information, it will introduce the ‘curse of dimensionality’. 
dimensional disaster". This will increase computational costs and reduce generalization 
ability of traditional models. To solve this problem, this paper proposes a collaborative 
framework based on principal component analysis (PCA) and K nearest neighbor 
classification, denoted as PCA-KNN. The approach employs PCA for dimensionality 
reduction, compressing the feature space while preserving key variation information. In the 
low-dimensional subspace, K nearest neighbor algorithm is used to realize the classification 
task. The proposed method adopts cross-validation strategy, and according to the 
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contribution rate of principal components, the K value in the K nearest neighbor algorithm 
is obtained. Experimental results show that this proposed method significantly improves 
computational efficiency while maintaining high classification accuracy, achieving an 
effective balance between information retention and computational performance. The 
proposed method has the characteristics of lightweight, strong interpretability and easy 
operation. This not only provides a practical auxiliary tool for breast cancer recurrence risk 
prediction, but also establishes a universal paradigm for high-dimensional medical data 
analysis tasks such as imaging and multi-group fusion. This contributes to advancing the 
implementation of precision medicine in clinical practice. 

Keywords: breast cancer, PCA, KNN, dimensionality reduction, 
classification. 

___________________________________________________________________ 

1. Introduction 

Breast cancer ranks among the most prevalent cancers affecting 
women globally, accounting for approximately 24.5% of all female cancers 
[1]. Early diagnosis is crucial for improving patient survival rates. With 
the deepening application of machine learning techniques in medical 
imaging and diagnostic support systems, constructing efficient and 
reliable classification models under limited clinical conditions has become 
a key research focus. While providing rich information, high-dimensional 
clinical feature data also introduces issues such as information 
redundancy and model overfitting, directly impacting the generalisation 
performance of classifiers. 

PCA is a classical unsupervised dimensionality reduction method, 
which transforms raw features into a set of linearly independent 
principal components through orthogonal transformation. This achieves 
feature space compression while preserving the majority of data 
variability[2]. KNN classifier is widely used in pattern recognition 
because of its intuitive and non-parametric characteristics. However, its 
classification performance decreases significantly with the increase of 
data dimension, which is called ‘curse of dimensionality’ [3]. 
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To overcome the ‘curse of dimensionality’ and strike a better balance 
between computational efficiency and classification performance, this 
study constructs a multi-stage PCA-KNN fusion framework method. 
Based on different levels of cumulative variance contribution rate, the 
proposed method gradually compresses the original high-dimensional 
clinical feature data into several low-dimensional principal component 
molecular spaces. In each compressed subspace, the best nearest 
neighbor parameter k is adaptively determined by cross-validation 
strategy. With the help of ‘contribution rate-K’ two-variable grid search 
mechanism, the proposed method realizes the dynamic regulation 
between information retention and model complexity. It not only 
effectively relieves the computational and storage burden of KNN 
algorithm in high-dimensional scenes, but also achieves or surpasses the 
performance of full feature modeling in many performance indexes, 
which provides a flexible, efficient and interpretable new way for the 
auxiliary diagnosis of early recurrence risk of breast cancer. 

2. KNN Method 

Researchers can directly use the classical KNN algorithm to classify 
breast cancer data, but the classification results are often unsatisfactory. 
The core idea of KNN algorithm is to give a sample to be predicted, find 
the nearest K training samples in the feature space, and decide its output 
by voting or weighted average. KNN algorithm does not need explicit 
training process, and only relies on local neighborhood information, so it 
has no assumptions about data distribution. However, its computational 
complexity increases linearly with sample size. The specific steps include: 

Step 1: Select a distance metric (for example, Euclidean distance, 
Manhattan distance.). 

Step 2: Determine the number of neighbors k and the weighting 
strategy (distance-weighted). 
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Step 3: Retrieve K nearest neighbors for the query sample and make 
a decision. 

 KNN algorithm is widely used in recommendation system, anomaly 
detection, medical diagnosis and multi-spectral image classification [4]. 

3. Proposed Method 

 This study proposed a two-stage breast cancer recurrence risk 
prediction framework integrating PCA with KNN classifier. This aims to 
achieve effective dimensionality reduction and efficient classification of 
high-dimensional clinical features. 

The core idea of PCA is to project high-dimensional data into a new 
orthogonal coordinate system which is expanded by the eigenvector 
corresponding to the maximum eigenvalue of covariance matrix, so as to 
maximize the variance of the projected data, thus retaining as much 
original information as possible, while reducing the dimension of the data 
[5]. 

The operation of the proposed algorithm includes the following 
aspects: (1) centralization of data, (2) calculation of sample covariance 
matrix, (3) calculation of eigenvalue of covariance matrix. Firstly, the 
eigenvectors corresponding to the top k largest eigenvalues are selected 
to form a transformation matrix, and the original data are projected onto 
the transformation matrix to obtain a low-dimensional representation. 
The representations of covariance matrix, eigenvalue decomposition, 
projection matrix and dimension reduction data are as follows: 

Covariance matrix: .1
1 XXnC T
−

=
   

 

Eigenvalue decomposition: .TVVC Λ=  

Projection matrix: .:,1:, κVP =  

Dimension-reduced data: .XPY =  



RESEARCH ON BREAST CANCER CLASSIFICATION… / IJAMML 19:1 (2025) 37-52 41

PCA has been widely applied across diverse scenarios including 
image compression, facial recognition, financial risk control, and 
agronomic trait analysis [6]. This study employs the UCI Wisconsin 
Breast Cancer Prognosis Data set, comprising 198 samples (151 non-
recurrent and 47 recurrent cases) with 33 clinical features, to construct a 
binary prognostic model for recurrence risk assessment. With 
comprehensive cytometric quantification metrics and explicit 
classification labels, this data set provides a robust foundation for binary 
classification. The experimental steps are as follows: 

3.1. Data preprocessing 

(1) Missing value imputation [7] 

The original feature matrix is denoted as [ ] ,dn
ijXX ×∈=  and the 

label vector is [ ] { } ,, n
i NRyy ∈=  where n  denotes the number of 

samples, d  represents the feature dimension, R  indicates recurrence, 
and N  denotes non-recurrence. 

Define the set of valid sample indices: 
{ }{ }.,,,1 NaNxdji ijvalid ≠∈∀= KJ  

Retain valid samples, update feature matrix and label vector: 
( ) ( ).,:, validvalid yyXX JJ ←←  

The number of processed samples is defined as .validm J=  

(2) Feature standardization [8] 

For each dimensional feature ,,,1 dj K=  compute its mean and 

standard deviation: ( ) ., 2
1

1
1

1
jij

m
imjij

m
imj xx µ−=σ=µ ∑∑ ==

 

Standardized eigenvalue: .,,1;,,1,~ djmi
x

x
j

jij
ij KK ==

σ
µ−

=  
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The standardized characteristic matrix is denoted as 

[ ] .~~ dm
ijxX ×∈=  

(3) Digitization of category labels [2, 7, 8] 

Map textual labels to binary numerical labels: 

.,,1
, islabel original  the if,0

, islabel original  the if,1







== mi
N

R
yi K  

The processed label vector is denoted as { } .1,0 m
biny ∈  

3.2. Dimension reduction 

In order to solve the problems of computational redundancy and 
generalization ability decline caused by the ‘curse of dimensionality’ in 
high-dimensional data, PCA is employed for feature dimension reduction. 
This method uses orthogonal linear transformations to map original 
features onto an orthogonal basis space ordered by decreasing variance 
and then key principal components are then selected based on 
cumulative variance contribution to establish a low-dimensional 
projection subspace, achieving an optimal balance between data 
compression and preservation of essential structure [5]. Generally 
speaking, feature dimension reduction of PCA includes three main steps: 

(1) Feature decomposition 

For the standardized data matrix ,dmX ×∈  compute the covariance 

matrix XXm
T

1
1
−

=σ
 

and perform eigenvalue decomposition: 

,TVVΛ=σ  where ( ),,,,diag 21 dλλλ=Λ K  .021 ≥λ≥≥λ≥λ dK  

(2) Dimension selection 

Calculate the cumulative contribution rate of the first κ  principal 
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components: ( ) .
1

1

i
d
i

jjn
λ

λ
=
∑
∑

=

=
κ

κ  

Determine the minimum dimension ∗κ  that satisfies ( ) .95.0≥η κ  

(3) Data projection 

Construct the projection matrix: [ ] ∗×
∗ ∈= κ

κ
dvvvP ,,, 11 K  and 

get reduced-dimension features .∗×∈= κmXPZ  This method 
significantly enhances the efficiency of subsequent processing while 
retaining 95% of the data variance. 

3.3. Classification 

To extract the inherent value of reduced-dimension features while 
preserving non-parametric advantages, this study employs the KNN 
algorithm to construct a classifier. The specific workflow is as follows 
[10]: 

(1) Selection of K value 

Based on the candidate set { },7,5,3=K  the optimal number of 

neighbors ∗K  is selected using 10-fold cross-validation, with the 
objective of maximizing the average accuracy rate. 

For each fold f, the validation set accuracy is defined as: 

( ) [ ( ) ],ˆ1 KyyVKAcc iiVif
f f

=ΙΙ= ∑ ∈
 where fV  denotes the sample 

index set of the validation set for the th−f  fold, and [ ].  represents the 

indicator function. The final selection is ( ).10
1max 10

1 KAccorgK ffK ∑ =∈
∗ =

K
 

(2) Distance metric 

For test sample ,∗∈ κz  the distance to training sample iz  is 
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calculated by using Euclidean distance: 

( ) ( ) ., 2
12 ijjjii zzzzzzd −=−= ∑

∗

=

κ
 

(3) Classification decision 

Let ( ) { }∗∗ = κκ iiz ,,1 KN  denote the set of indices for the ∗K  

training samples with the smallest distances. The predicted label is then 
determined by majority voting [ },,,,modeˆ

21 ∗
=

κiii yyyy K  where 

( )⋅mode  returns the category with the highest occurrence count (no 

recurrence=1, recurrence=2). This process operates within the low-

dimensional subspace of ,7k ≤∗  effectively balancing algorithmic 

intuitiveness with computational and storage efficiency [11]. 
Comparative experiments were configured as follows: 

(i) Baseline group: Direct modelling based on the original 33-
dimensional features; 

(ii) Experimental group: PCA is used to reduce the dimension, and 
then KNN is used to classify. 

3.4. Evaluation 

To quantitatively assess model performance across multiple 
dimensions, this study employs an evaluation framework comprising 
Accuracy, Precision, Recall, F1-score, and Time. Based on the elements of 
the confusion matrix—TP (True Positives), TN (True Negatives), FP 
(False Positives), and FN (False Negatives)—the metrics are defined as 
follows: 

Accuracy: Represents the proportion of correctly classified samples 
relative to the total sample size, reflecting overall classification 
correctness [12]. 
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.FNFPTNTP
TNTPAccuracy

+++
+=  

Precision: Represents the proportion of samples predicted as recurrent 
that are actually recurrent, measuring the model's accuracy in predicting 
positive class [13]. 

.FPTP
TPPrecision
+

=  

Recall: The proportion of samples that actually recurred and were 
correctly identified as recurrent, measuring the model's ability to 
recognise positive class samples [13]. 

.FNTP
TPRecall
+

=  

F1-score: The harmonic mean of precision and recall, providing a 
comprehensive assessment of the model's classification performance, 
particularly suitable for imbalanced data scenarios [13]. 

.21 RecallPrecison
RecallPrecisonF

+
××=  

Time: Represents the average time required for the model to make 
predictions on the test set, reflecting computational efficiency. Ten-fold 
cross-validation was employed in experiments to ensure result stability 
and reliability [11]. 

4. Results and Analysis 

4.1. Experimental results 

To quantify the dimensionality reduction effect of PCA, comparisons 
were made between the original 33-dimensional feature space and 
models retaining different proportions of principal components. 
Experiments employed 10-fold cross-validation combined with breast 
cancer has become the most common malignant tumor, making early and 
precise diagnosis crucial for improving patient survival rates. While high-
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dimensional clinical data provide rich information, they also introduce 
the ‘curse of dimensionality’, which increases computational costs and 
reduces the generalization of traditional models. To address those 
problem, we proposed a collaborative framework based on PCA and KNN 
classification, denoted as PCA-KNN. The approach employs PCA for 
dimensionality reduction, compressing the feature space while preserving 
key variation information. Subsequently, the KNN algorithm enables 
efficient classification in the low-dimensional subspace. Cross-validation 
is used to simultaneously optimize two core parameters: the principal 
component contribution rate and the number of neighbors, i.e., K. 
Experimental results show that the proposed method significantly 
improves computational efficiency while maintaining high classification 
accuracy, achieving an effective balance between information retention 
and computational performance. Under three different indicators (i.e., 
accuracy, F1-score, and time), the UCI Wisconsin breast cancer prognosis 
data set was tested by using the proposed method framework, and Table 
1 and Table 2 are obtained. 

Table 1. The optimal dimensions corresponding to different cumulative 
contribution rates are obtained by PCA method 

Original dimensions Contribution rate/% Optimal dimension 

 95 12 

 85 7 

33 75 5 

 65 3 

 55 2 
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Table 2. Comparison of the results under different k values in KNN 
algorithm 

Whether to 

employ PCA 

Contribution 

rate /% 

K Accuracy Precision Recall F1-score Time/s 

1 0.6821 0.3502 0.3900 0.3565 0.002272  

No 

 

2 0.7734 0.5333 0.2200 0.2968 0.001115 

1 0.7024 0.4602 0.4450 0.4131 0.001119 95 

2 0.7982 0.6417 0.2300 0.3186 0.000738 

1 0.6971 0.3775 0.4000 0.3822 0.001811 85 

2 0.7782 0.4000 0.1500 0.2162 0.000656 

1 0.6811 0.4146 0.3450 0.3305 0.000839 75 

2 0.7526 0.2000 0.0650 0.0952 0.000936 

1 0.6508 0.2800 0.2800 0.2717 0.001123 65 

2 0.7418 0.4000 0.1300 0.1786 0.000976 

1 0.6816 0.3000 0.3250 0.3072 0.000853 

 

 

 

 

 

Yes 

55 

2 0.7216 0.1583 0.0850 0.1071 0.000943 

From Table 2, we can see that a good result (i.e., accuracy, precision, 
recalls, F1-score, and time/s) can be obtained with the proposed strategy 
by using PCA under the contribution rate is 95%. Hence, using PCA 
algorithm and KNN for classification can really improve the classification 
performance of the model and get the best results. For example, under 

the optimal configuration of 95% variance retention and ,2=K  the 

model's accuracy and precision increased to 0.7982 and 0.6417, 
respectively, while recall and F1-score comprehensively surpassed the 
original high-dimensional space performance. Due to the deep 
compression of feature dimensions, computational efficiency achieved a 
qualitative leap. This framework achieves a delicate equilibrium between 
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information fidelity and computational efficiency. Figure 1 illustrates the 
performance evolution of the model across varying variance contribution 
rates 

.  

Figure 1. Comparison of optimal KNN model metrics under varying 
contribution rates. 

 Based on the data in Table 2, the optimal model performance for 
each evaluation metric is summarized according to whether PCA is 
applied and its varying contribution rates. The results are shown in 
Table 3. 
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Table 3. Optimal values of evaluation metrics under different PCA 
contribution rates 

Evaluation 
indicators 

Whether to use 
PCA 

Contribution 
rate /% 

K Optimal values 

No  2 0.7734 Accuracy 

Yes 95 2 0.7982 

No  2 0.5333 Precision 

Yes 95 2 0.6417 

No  1 0.3900 Recall 

Yes 95 1 0.4450 

No  1 0.3565 F1-score 

Yes 95 1 0.4131 

No  2 0.001115 Time/s 

Yes 95 2 0.000738 

4.2. Discussion and analysis 

Through the above experimental results, we can clearly see that the 
proposed framework method can significantly improve the classification 
effect of KNN classifier. In other words, before data classification, PCA 
technology is used to reduce the dimension, and then the obtained low-
dimensional data are sent to KNN classifier, which will get satisfactory 
results. For example, in the original feature space (33 features), using 
KNN model, the highest accuracy is 0.7734. However, the original data 
from 33 dimensions are reduced to 12 dimensions (with 95% variance) by 
PCA technology, and the highest accuracy is 0.7982 by using KNN model 
(K=2), and the accuracy rate is also improved from 0.5333 to 0.6417. 
What is more noteworthy is that the recall rate and the peak value of   
F1-score also appear in the feature space after PCA processing. This 
promotion is not accidental, mainly because the principal component 
analysis effectively filters out noise and redundant information in the 
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compression process, weakens the interference of irrelevant dimensions 
on nearest neighbor search, and thus enhances the discriminant signal of 
samples in local space. 

From the point of view of computational efficiency, the reduction of 
dimension will bring significant advantages. By analyzing the 
performance under five variance retention thresholds of 55% to 95%, it 
can be seen that although the feature dimension of the original data 
plummeted from 33 to 2 or 12, there was no performance degradation 
caused by excessive dimension reduction. However, the precision peak is 
formed in the 95% variance interval, which also shows that the actual 
redundancy of this data set is higher than the general estimation. 

In other words, PCA not only realizes dimension compression, but 
also improves the classification ability of KNN model. On the whole, 
through the bivariate strategy of "contribution rate -K value", we 
successfully transformed the balance between accuracy and efficiency 
into a programmable and reproducible configuration strategy. If the 
ultimate accuracy is pursued, 95% variance +K=2 can be adopted. If the 
response speed is emphasized, 85% variance +K=2 can be selected. This 
strategy not only provides a reliable reference for the risk prediction of 
breast cancer recurrence, but also is simple and easy to operate, and also 
establishes a generalized method paradigm for the lightweight analysis 
of high-dimensional medical data such as imageology and 
multimethology. 

5. Conclusions 

Aiming at the "dimensional disaster" caused by high-dimensional 
clinical data characteristics in breast cancer recurrence risk prediction, 
we proposed a lightweight classification framework (PCA-KNN) based on 
UCI Wisconsin breast cancer prognosis data set. The framework adopts a 
two-stage strategy of ‘dimensionality reduction first and then 
classification’ to overcome the shortcomings of KNN in high-dimensional 
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space. Firstly, PCA is used to compress the original high-dimensional 
features, and the feature dimensions are reduced to 12, 7, 5, 3 and 2 
dimensions under the five variance contribution rates of 95%, 85%, 75%, 
65% and 55%, respectively. Then, based on each low-dimensional 
subspace, the "contribution rate -K value" bivariate strategy is adopted 
for KNN model to optimize the retention ratio of principal components 
and the number of neighbors K. Experimental results show that the 
proposed PCA-KNN framework can significantly improve the 
classification performance of KNN model. 

In this study, PCA is used to filter the irrelevant features of high-
dimensional medical data to enhance the classification performance of 
KNN model. In order to meet the needs of lightweight and low resource 
consumption in clinical deployment, we adopted a strategy without 
complex parameter tuning to ensure that it can be used in conventional 
hardware environment. 

To sum up, PCA-KNN strategy is adopted for the real breast cancer 
recurrence risk prediction task, which not only achieves a controllable 
trade-off between accuracy and efficiency, but also provides a paradigm 
reference for the lightweight analysis of high-dimensional medical data 
such as imageology and genomics, and has important clinical 
transformation value and broad application development potential. 
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