Chapter 01: Principles of Classification
1.1 Introduction

Classification is a cornerstone of machine learning and data science, designed to assign
categories to data instances based on their characteristics. Its importance spans domains,
including image recognition, speech processing, and medical diagnosis.

Specifically, in the biomedical field, classification supports tasks such as disease detection and
medical device management.

This chapter delves into the principles underlying classification, focusing on its application to
medical data and devices, where challenges like data imbalance, noise, and interpretability are
very important.

1.2 Data Preparation

Preparing medical data for classification is particularly challenging due to its complexity and
variability. Medical datasets often include multi-modal data, such as:

e Electronic Health Records (EHRs): Structured and unstructured data, including demographic
information, clinical notes, and lab results.

¢ Maedical Imaging: X-rays, CT scans, MRIs, and ultrasounds.

e Biosignals: Electrocardiograms (ECG), electroencephalograms (EEG), and
photoplethysmograms (PPG).

e Device Data: Logs from wearable devices or hospital equipment.

Key Steps in Data Preparation:

1. Data Cleaning:
o Handling missing data through imputation techniques.
o Correcting inconsistent or erroneous records, such as mislabeled diagnoses in EHRs.
o Eliminating of noises and false informations.
2. Data Normalization:
o Standardizing signals (e.g., normalizing ECG waveforms to a common amplitude).
o Scaling features to ensure uniformity across different modalities.
3. Data Augmentation:
o Forimaging data, applying transformations such as rotation, flipping, and noise

addition.
o Forsignal data, using techniques like synthetic oversampling (e.g., SMOTE).
4. Encoding:

o Encoding categorical medical data (e.g., diagnostic codes or device status) using one-
hot encoding or embeddings.

1.3 Feature Extraction



Feature extraction identifies the most relevant information from raw data to serve as inputs for
classification models. In the biomedical context, feature extraction involves domain expertise
and specialized techniques:

e From Medical Images:
o Extracting features such as edge sharpness, texture, or regions of interest (e.g.,
lesions in MRIS).
e From Biosignals:
o Time-domain features: Heart rate variability from ECG.
o Frequency-domain features: Power spectral density from EEG.
o Nonlinear features: Approximate entropy or fractal dimensions.
e« From EHRs and Text Data:
o Natural Language Processing (NLP) techniques like term frequency-inverse
document frequency (TF-IDF) and word embeddings.

1.4 Feature Selection

Feature selection ensures the use of the most informative features, avoiding redundancy and
improving model interpretability.

e Techniques in Biomedical Applications:
o Filter Methods: Correlation analysis between biomarkers (e.g., cholesterol
levels and heart disease).
o Wrapper Methods: Recursive feature elimination (RFE) to identify relevant
imaging markers for tumor classification.
o Embedded Methods: L1-regularized models for selecting sparse features in
high-dimensional genetic data.
o Domain-Specific Considerations:
o Importance of clinical interpretability when selecting features from medical
devices or biosensors.
o Prioritizing features with clear physiological significance.

1.5 Input Vector and Output Vector

The input vector represents patient or device features, while the output vector represents
classifications such as:

o Diagnoses: Healthy, diabetic, hypertensive, etc.
o Device Status: Operational, malfunctioning, or nearing failure.
o Treatment Outcomes: Responder, non-responder, partially responding.

Challenges in Medical Classification:
o Imbalanced datasets: Rare diseases often result in datasets with skewed distributions.

o Multi-class outputs: Predicting multiple comorbidities or device statuses
simultaneously.



1.6 Supervised Learning

Supervised learning is widely used in medical classification due to the availability of labeled
datasets, such as imaging annotations or device logs.

e Common Algorithms:
o Decision Trees for diagnostic rules.
o CNNSs for medical image analysis.
o Recurrent Neural Networks (RNNSs) for biosignal interpretation.
e Challenges:
o Labeled data scarcity: High-quality annotations in medical datasets are
expensive and time-consuming.

1.7 Unsupervised Learning

Unsupervised learning identifies patterns without labeled data, proving useful for exploratory
analysis.

o Applications:
o Clustering patient profiles for personalized treatment.
o Dimensionality reduction of multi-modal data (e.g., PCA for combined
imaging and signal data).

1.8 Reinforcement Learning
Reinforcement learning applies to dynamic and sequential decision-making in healthcare.

o Applications:
o Optimizing resource allocation in hospitals.
o Dynamic device calibration for real-time feedback systems.
o Treatment strategy planning, such as adjusting insulin dosage for diabetes
patients.

1.9 Classification-Regression Problem
Many medical tasks involve outputs that are both categorical and continuous:

e Hybrid Approaches:
o Predicting disease progression stages (classification) and survival times
(regression).
o Combining classification with time-to-event models for chronic diseases.



1.10 Performance Measurement of Classification

Evaluating performance in classification tasks is critical to understanding how well a model
performs, whether in supervised or unsupervised learning scenarios. Performance metrics
provide insights into model accuracy, reliability, and robustness. Below are detailed
explanations of essential metrics and evaluation techniques commonly used in classification

Confusion Matrix

A confusion matrix is a summary of prediction results for a classification problem. It outlines
the performance of a classifier in terms of true and false positives and negatives:

e True Positive (TP): Correctly predicted positive instances.

e True Negative (TN): Correctly predicted negative instances.

o False Positive (FP): Incorrectly predicted as positive (Type | error).

o False Negative (FN): Incorrectly predicted as negative (Type Il error).

Predicted Positive Predicted Negative
Actual Positive TP FN
Actual Negative FP TN

Key Metrics

Accuracy
Accuracy measures the overall correctness of the model, but it can be misleading for

imbalanced datasets.

TP + TN
TP + TN + FP + FN

Accuracy =

Sensitivity (Recall or True Positive Rate)

Sensitivity measures the model's ability to identify positive instances.

TP
Sensitivity (Recall) = ————
TP + FN
Specificity (True Negative Rate)

Specificity measures the model's ability to identify negative instances.

TN

Specificity = ——=
pecificity TN + FP



K?recisinn (Positive Predictive Value) \

Precision measures the proportion of correctly identified positives among all predicted positives.
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F1-Score
The F1-score balances precision and recall, particularly useful for imbalanced datasets.

Precision x Recall
Precision + Recall

- /

F1l-Score = 2 =

Receiver Operating Characteristic (ROC) Curve and AUC
* ROC Curve: Plots the true positive rate (Sensitivity) against the false positive rate (1 - Specificity)

at various thresholds.

e AUC (Area Under the Curve): A scalar value summarizing the ROC curve; closer to 1 indicates

better performance.

FpP

False Positive Rate (FPR) = ————
FP + TN

Additional Metrics

1. Matthews Correlation Coefficient (MCC):

Provides a balanced measure, even for imbalanced datassts.

(TP -TN) — (FP - FN)
/(TP ¥ FP)(TP + FN)(IN + FP)(IN + FN)

MCC =

Unsupervised Classification Metrics
In unsupervised learning, where true labels are unavailable, metrics like clustering quality are used:
1. Silhouette Score: Evaluates cluster cohesion and separation.

b—a
Silhouette Score = ——
max(a, b)
where a is the average intra-cluster distance, and b is the average nearest-cluster distance.

2. Adjusted Rand Index (ARI): Measures the similarity between the predicted clustering and

ground truth labels when they are available.




Conclusion

This chapter has provided a comprehensive overview of the principles underlying
classification, emphasizing its pivotal role in biomedical data analysis and medical device
management.



