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Abstract

Colorectal cancer remains a leading cause of global mortality, necessitating effective predictive tools for patient
survival. While Machine Learning algorithms like K-Nearest Neighbors (KNN) utilize patient data for prediction,
standard KNN implementations often suffer from the curse of dimensionality and overfitting, leading to unreliable
performance on complex medical datasets. This study aims to evaluate and optimize the performance of the KNN
algorithm by integrating Principal Component Analysis (PCA) for dimensionality reduction and K-Fold Cross-
Validation (KFCV) to enhance model stability. The research utilized a quantitative approach on a global colorectal
cancer dataset, processing demographic and clinical features through a rigorous pipeline of imputation, encoding,
and normalization. Three model configurations were systematically compared: Standard KNN, KNN combined with
PCA, and an optimized KNN model utilizing both PCA and KFCV across various neighbor values. The results
demonstrate a distinct trade-off between predictive sensitivity and model stability. While the Standard KNN and
PCA-enhanced models achieved higher recall, indicating a strong ability to identify survivors in a single data split,
the fully optimized KNN+PCA+KFCV model provided the most stable and generalized accuracy with minimal
deviation. These findings indicate that while PCA effectively reduces computational complexity without information
loss, the integration of cross-validation is crucial for obtaining an honest assessment of model performance. This
research contributes to clinical informatics by highlighting the necessity of prioritization between high sensitivity
and generalization stability when developing survival prediction models for complex, inseparable medical data.

Keywords: Colorectal cancer prediction, K-fold cross validation, K-Nearest Neighbors, Machine learning,
Principal Component Analysis, Survival prediction.
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1. INTRODUCTION

Colorectal cancer (CRC), a malignancy that grows in the colon or rectum [1], stands as one of the
most prevalent cancers and the second leading cause of cancer-related mortality worldwide [1-7]. A
multitude of risk factors contribute to its development, including age, diet, physical inactivity, and a
family history of the disease [2, 4, 5, 8, 9]. The cancer's slowly progressive nature presents a critical
window for early detection through established screening methods like colonoscopy or fecal tests [5, 8].
Early detection is paramount as it significantly increases the chances of successful treatment and
recovery. Despite this, public awareness regarding the importance of screening remains insufficient,
often compounded by limited access to healthcare services [5, 8, 9].

In this context, machine learning (ML) offers a promising and powerful solution by providing a
quantitative and data-driven approach to analyzing and predicting colorectal cancer [10]. Machine
learning, a prominent branch of Artificial Intelligence (AI) [11, 12], excels at identifying complex
patterns within large datasets [13], processing big data efficiently [14], and accelerating complex
decision-making processes [12]. Its operational principle is analogous to human learning, where it
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improves its performance based on data [15, 16]. Among the various algorithms, K-Nearest Neighbors
(KNN) is a well-established method [17, 18] proven to be effective for datasets of both small and large
dimensions [13, 19]. Its utility has been demonstrated with high accuracy in diverse predictive tasks,
including diagnosing heart disease [20, 21], predicting skin diseases [19], predicting lung cancer [22],
optimizing biodiesel production [23], detecting cybercrime [24], classifying images [25-27], and
analyzing sentiment on social media [28, 29].

However, despite being a powerful tool, the standard KNN algorithm possesses several inherent
weaknesses that limit its performance on complex medical data. These include relatively low accuracy
without optimization, high sensitivity to the choice of the k-value, slow computation times on large and
high-dimensional datasets (the curse of dimensionality), susceptibility to irrelevant features, and the risk
of overfitting [25].

Various studies have explored KNN optimization. For instance, some studies [20, 21] focused on
feature selection or Grid Search for heart disease diagnosis. Another study [22] compared KNN with
methods like XGBoost for lung cancer prediction but often did not deeply address model stability. While
techniques like K-Fold Cross-Validation (KFCV) [30-33] and Principal Component Analysis (PCA)
[34-40] are well-known, and some recent 2025 studies have even compared KNN with PCA for CRC
classification [41], a significant research gap persists. These studies, such as Bahrambanan et al. [41]
which noted PCA's ability to improve Random Forest accuracy more significantly than KNN accuracy,
primarily focus on classification accuracy alone. The specific combined application of both PCA and
KFCV to systematically analyze the critical performance trade-off—balancing stable, generalized
accuracy from KFCV against the high clinical sensitivity (recall) of standard models—remains an
underexplored area, particularly in the context of patient survival prediction rather than just diagnosis.

Therefore, this study aims to fill this gap by developing and evaluating a systematically optimized
KNN model. The primary objective of this research is to analyze the performance and metric trade-offs
of a KNN model optimized using Principal Component Analysis (PCA) for dimensionality reduction
and K-Fold Cross-Validation (KFCV) for validation and hyperparameter tuning. This research will
compare three model configurations (Standard KNN, KNN+PCA, and KNN+PCA+KFCV) to
determine which optimization pipeline yields the most stable accuracy versus the highest recall for CRC
patient survival prediction.

2. METHOD

This research method uses two approaches:

a. A qualitative approach for the collection and pre-processing of colorectal cancer data.

b. A quantitative approach using the K-Nearest Neighbors method, optimized with K-Fold Cross
Validation and Principal Component Analysis, for colorectal cancer prediction.

This research was conducted through a systematic quantitative approach, encompassing several
key stages from data preparation and model development to performance evaluation. The methodology
is designed to build and optimize a predictive model for colorectal cancer using the K-Nearest Neighbors
algorithm (Figure 1).

Model

: Dimensionality . Optimization & Performance
Data Preparation . Building the f . ; Result
; Reduction with o Validation with Evaluation and :
& Collection PCA KINN Model K-Fold Cross Comparison Interpretation
Validation

Figure 1. Research Flow

2.1. Data Preparation and Collection
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The initial phase of this study involved collecting a dataset suitable for colorectal cancer analysis
from a trusted public repository (https://www.kaggle.com/datasets/ankushpanday?/colorectal-cancer-
global-dataset-and-predictions). This dataset includes various features (variables) that are relevant and

crucial for prediction, including demographic data such as age and gender, as well as clinical and
lifestyle factors such as family history and smoking history. The dataset consists of 167,497 rows and
28 columns.

To ensure the quality and suitability of the data for modeling, a rigorous pre-processing pipeline
was applied. This process included three main steps: (1) Handling missing values was performed using
median imputation for numerical features to preserve the data distribution; (2) Categorical data (e.g.,
gender) were encoded using one-hot encoding; and (3) Numerical features were normalized to a 0 to 1
scale to prevent variables with larger ranges from disproportionately influencing the model. All data
processing and model implementation were conducted using the Python (version 3.x) programming
language with the scikit-learn, pandas, and numpy libraries.

2.2. Dimensionality Reduction with Principal Component Analysis (PCA)

To address the potential issue of high dimensionality, reduce computational complexity, and
mitigate multicollinearity, Principal Component Analysis (PCA) was employed as a feature reduction
technique, shown in Equation (1). The process began with the extraction of all numerical features from
the pre-processed dataset. Subsequently, a covariance matrix was calculated to map the inter-variable
relationships. Through eigenvalue decomposition of this matrix, a set of orthogonal principal
components was generated. Only the components that collectively explained more than 95% of the total
variance in the data were selected for the final model. Finally, the original dataset was transformed into
a new, lower-dimensional feature space defined by these selected components

Iw = Aw. (1)

To interpret the contribution of original features to the principal components, an inverse PCA
transformation can be applied, as shown in Equation (2):

Xreconstructed = Z wT (2)

Where Z is the matrix of principal components and W is the transpose of the component loadings
matrix.

2.3. Building the KNN Model

The transformed dataset was partitioned into a training set and a testing set, using an 80-20 split.
Eighty percent of the data was allocated for model training, while the remaining twenty percent was
reserved for an unbiased evaluation of its performance. A baseline K-Nearest Neighbors (KNN) model
was first constructed. The initial configuration involved determining key hyperparameters, such as the
number of neighbors (k) and the distance metric (Euclidean distance), shown in Equation (3). The model
was trained using the training data. To establish a performance benchmark, this unoptimized model was
evaluated on the test set. Its performance was measured using standard classification metrics, including
accuracy, precision, recall, and F1-score.

d(p,q) = VX1 — q:)? (3)

2.4. Model Optimization and Validation with K-Fold Cross-Validation

To enhance the model's robustness, prevent overfitting, and obtain a more reliable estimate of its
performance, a 10-Fold Cross-Validation technique was implemented on the training data, shown in
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Equation (4). In this procedure, the training set was divided into ten equal-sized folds. The model was
trained and validated ten times, with each iteration using a different fold as the validation set and the
remaining nine folds as the training set. The model's hyperparameters (such as the optimal value of k)
were tuned based on the average performance across all folds. This ensures the resulting model is stable
and generalizes well to unseen data.

1
CVscore = ;Zi';lscorei 4)

2.5. Performance Evaluation and Comparison

The final, optimized model's performance was comprehensively evaluated on the reserved test
set. The evaluation was based on several key metrics, shown in Equation (5, 6, 7, 8):
a. Accuracy: The proportion of correctly classified instances.

TP+TN

Accuracy = ——
y TP+TN+FP+FN

6))
b. Precision: The model's ability to correctly identify positive cases from all predicted positive cases.

TP
TP+FP

Precision =

(6)
c. Recall (Sensitivity): The model's ability to identify all actual positive cases.

TP
TP+FN

Recall =

(7)
d. F1-Score: The harmonic mean of precision and recall, providing a balanced measure.

Precision*Recall
F1—Score =2+ ———— ®)

Precision+Recall

e. Confusion Matrix: A table used to visualize the performance of the classification model, detailing
true positives, true negatives, false positives, and false negatives.
A central part of this research was the comparison of the model's performance before and after
optimization with PCA and K-Fold Cross-Validation. This comparison quantitatively demonstrates the
effectiveness of the proposed optimization techniques.

2.6. Result Interpretation

The final stage of the methodology involves the interpretation of the model's results. An important
feature analysis will be conducted by applying an inverse PCA transform to identify which of the
original clinical or demographic features contributed most significantly to the principal components
used for prediction. Furthermore, the findings will be discussed in the context of their clinical
implications, exploring how the developed model could potentially be used as a tool to support clinicians
in the early diagnosis or risk stratification of colorectal cancer patients.

2.7. Data Ethics Statement

This research utilized a publicly available and anonymized dataset from the Kaggle repository.
All data used was de-identified, ensuring patient privacy and adhering to the data usage terms provided
by the platform.
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3. RESULT

This section presents the empirical findings of the study, beginning with an exploratory data
analysis (EDA) to understand the characteristics of the patient dataset, followed by a comparative
performance evaluation of the developed K-Nearest Neighbors (KNN) models.

3.1. Exploratory Data Analysis (EDA)

Exploratory data analysis was conducted to identify patterns and distributions within the
colorectal cancer patient data.

Gender Distribution of Colorectal Cancer Patients

M

60.1%

count

Figure 2. Gender Distribution of Colorectal Cancer Patients

Figure 2 illustrates the gender distribution within the dataset. The data shows a predominance of
male (M) patients, accounting for 60.1% of the total cases, while female (F) patients comprise the
remaining 39.9%.

Age Distribution of Colorectal Cancer Patients
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Figure 3. Age Distribution of Colorectal Cancer Patients

The age distribution of patients is presented in Figure 3. A sharp increase in the number of
patients is observed starting around age 50. This distribution remains relatively high and stable for
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patients in the 50 to 90 age range, indicating that the majority of patients in this dataset are over 50 years
old.

Age Distribution of Survived vs. Not Survived Patients
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Figure 4. Age Distribution of Survived vs. Not Survived Patients

Figure 4 provides a more detailed view by comparing the age distribution between 'Survived'
(green) and 'Not Survived' (red) patients. Both groups exhibit a similar trend with a spike in cases after
age 50. Across the entire 50-90 age range, the count of 'Survived' patients consistently appears higher
than the count of 'Not Survived' patients.

Smoking History and Cancer Stage Distribution
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Figure 5. Smoking History and Cancer Stage Distribution

Figure 5 presents a comparative analysis of smoking history across three cancer stages (Localized,
Regional, and Metastatic). In all three stages, the number of patients who do not smoke ('No') is
substantially higher than the number of patients with a smoking history ('Yes').

3.2. Principal Component Analysis Variance

PCA was applied to the numerical features of the dataset. The analysis identified that 16 principal
components were sufficient to explain 90% of the total variance in the data. This reduction from 23
features to 16 components significantly reduced computational complexity while retaining the vast
majority of the data's informational content. Subsequent models were trained using this transformed
dataset.

3.3. Model Performance Evaluation
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The quantitative assessment of the proposed methods is presented in Table 1. This evaluation
compares three distinct configurations: standard K-Nearest Neighbors (KNN), KNN with Principal
Component Analysis (KNN + PCA), and the optimized KNN model incorporating both PCA and K-
Fold Cross-Validation (KNN + PCA + KFCV). The models were tested across varying K-values (K=3,
5,7, 9) to analyze the impact of neighborhood size on classification performance.

Table 1. Comparative Classification Report of KNN Models

K Value Classification Report KNN KNN + PCA KNN -+ (1:21?0; KFCV
Accuracy 52.80% 52.87% 52.85% (Std: 0.26%)
3 Precision 59.82% 59.87% 51.90%
Recall 64.82% 64.96% 52.85%
F1-Score 62.22% 62.31% 52.25%
Accuracy 53.32% 53.46% 53.59% (Std: 0.48%)
5 Precision 59.72% 59.78% 51.93%
Recall 68.05% 68.40% 53.59%
F1-Score 63.61% 63.80% 52.40%
Accuracy 53.82% 53.99% 54.10% (Std: 0.25%)
7 Precision 59.73% 59.84% 51.91%
Recall 70.55% 70.72% 54.10%
F1-Score 64.69% 64.83% 52.38%
Accuracy 54.39% 54.54% 54.71% (Std: 0.33%)
9 Precision 59.81% 59.90% 52.08%
Recall 72.97% 73.18% 54.71%
F1-Score 65.74% 65.88% 52.47%

KNN: K-Nearest Neighbors
PCA: Principal Component Analysis
KFCV: K-Fold Cross Validation

The data reveals a consistent trend where increasing the K-value yields marginal improvements
in accuracy across all configurations. The highest accuracy was achieved at K=9, with the KNN + PCA
+ KFCV model reaching 54.71%.

Interestingly, while the KNN + PCA + KFCV configuration provided the highest accuracy and
stability (indicated by low standard deviations, e.g., £0.33\% at K=9), the standard KNN and KNN +
PCA models demonstrated significantly higher values for Precision, Recall, and F1-Score. Specifically,
at K=9, the KNN + PCA model achieved a Recall of 73.18% and an F1-Score of 65.88%, compared to
the KFCV model which recorded a Recall of 54.71% and an F1-Score of 52.47%.

The integration of PCA (comparing Standard KNN vs. KNN + PCA) resulted in slight
performance uplifts across all metrics. For instance, at K=9, PCA improved the F1-Score from 65.74%
to 65.88%, suggesting that dimensionality reduction successfully retained the essential variance required
for classification while slightly mitigating noise.

4. DISCUSSIONS

This study aimed to optimize the K-Nearest Neighbors algorithm for colorectal cancer survival
prediction using dimensionality reduction (PCA) and robust validation techniques (KFCV). The results
present a complex picture of the trade-offs between model stability, generalization, and predictive
capability on this specific dataset.

4.1. Performance and Data Complexity
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The overall accuracy across all models hovers between 52% and 55%. While the KNN + PCA +
KFCV model achieved the highest accuracy of 54.71% (K=9), these results suggest that the
classification task is challenging. The overlap between the 'Survived' and 'Not Survived' classes in the
feature space appears significant, making it difficult for a linear or distance-based classifier like KNN
to draw a distinct decision boundary. However, the upward trend in performance as K increases (from
3 to 9) indicates that a broader neighborhood helps smooth out local noise, leading to slightly better
generalization.

4.2. The Role of PCA and Optimization

The comparison between standard KNN and KNN + PCA validates the utility of dimensionality
reduction. The KNN + PCA model consistently outperformed the standard KNN, albeit by narrow
margins (e.g., +0.15% Accuracy at K=9). This confirms that PCA successfully reduced the
computational burden and filtered out some variance attributed to noise without losing critical
information.

4.3. Stability vs. Sensitivity (KFCV Analysis)

A critical observation is the discrepancy between the single-split models (KNN and KNN + PCA)
and the cross-validated model (KNN + PCA + KFCV). The single-split models achieved relatively high
Recall (~73%) and F1-Scores (~65%), whereas the KFCV model showed lower, flattened metrics (F1-
Score ~52%). This disparity likely indicates that the single train-test split used in the first two columns
may have contained a favorable distribution of data, artificially inflating the sensitivity (Recall). In
contrast, K-Fold Cross-Validation provides a more rigorous and honest estimate of the model's
performance. The low standard deviation in the KFCV results (ranging from 0.25% to 0.48%)
demonstrates that while the accuracy is modest, the model is highly stable and robust to variations in
the training data. The KFCV results reveal the true difficulty of generalizing on this dataset, stripping
away the bias of a "lucky" data split.

4.4. Clinical Implications and Trade-offs

From a clinical perspective, the choice of model depends on the metric of priority. If the goal is
to maximize the identification of survivors (Recall), the KNN + PCA configuration appears superior
with a Recall of 73.18%. However, the low Precision (~59%) implies a considerable number of false
positives. Conversely, the KNN + PCA + KFCV model offers a more conservative and stable prediction
baseline.

4.5. Limitations

The modest accuracy highlights the limitations of using KNN on this dataset. The features derived
from the clinical and demographic data may lack sufficient separability in their current form. Future
work should focus on feature engineering, non-linear transformations, or the application of more
complex ensemble methods (such as Random Forest or Gradient Boosting) to better capture the
underlying patterns of colorectal cancer survival.

5. CONCLUSION

This research successfully demonstrates the application and rigorous evaluation of the K-Nearest
Neighbors algorithm for predicting colorectal cancer patient survival. Through the systematic
integration of Principal Component Analysis and K-Fold Cross-Validation, the study reveals that the
optimization strategy fundamentally alters the model's performance profile. The application of PCA
proved effective in reducing the dimensionality of the clinical dataset, streamlining computational
efficiency while maintaining the informational integrity required for classification. However, the core
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finding of this investigation lies in the significant performance divergence observed between single-split
testing and cross-validation.

The analysis concludes that relying solely on standard train-test splits can yield optimistically
biased sensitivity metrics, whereas the K-Fold Cross-Validation approach provides a more conservative
but highly stable and reliable estimation of the model's true capabilities on unseen data. Although the
overall accuracy indicates that the linear separation of survival classes remains a complex challenge, the
low standard deviation achieved by the optimized model confirms its robustness against data variability.
Consequently, this study suggests that while KNN serves as a functional baseline, future development
of clinical decision support systems for this specific domain should prioritize model stability over
inflated recall scores and consider exploring non-linear ensemble methods to overcome the inherent
separability issues within the feature space.
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