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Abstract 

As the use of real-time data with high dimensions continues to expand across various domains, selecting 

important features from the dataset is a key step to improve the predictive accuracy and time taken to 

build a machine learning model. In datasets where not all features are available at the same time and 

we are unaware of the total number of features, and features arrive at different time stamps, for 

example, in real-time patient monitoring in a hospital’s intensive care unit (ICU), feature selection 

becomes even more challenging. In an ICU, patients are continuously monitored using various medical 

instruments with sensors for monitoring heart rate, blood pressure, oxygen saturation, and 

electrocardiograms (ECG), etc. These devices stream data at different intervals, often providing 

updates asynchronously. The goal is to detect early signs of deterioration in a patient’s condition and 

alert medical staff in real-time. In such cases, an efficient feature stream selection algorithm is needed 

to select features from the available set and incorporate new ones as they arrive. This paper provides 

a study of the various methods available for online feature stream selection, along with the 

methodologies used, and then identifies various issues and challenges that need to be addressed for 

feature stream selection. To provide practical insights, several existing approaches are implemented 

and analyzed. Additionally, key challenges and future directions in feature stream selection are 

identified and discussed. 
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INTRODUCTION 

Streaming data often arrives continuously at high speed. They are classified into data and feature 

streams, each presenting unique processing considerations [1]. A data stream refers to the continuous 

arrival of a large amount of data records, and the features of each record remain the same. Each record 

may represent a complete set of features (attributes) at a given time. Example: A stream of sensor 

readings, where each reading contains all relevant measurements (e.g., temperature, humidity, and 

pressure) at a specific time. A feature stream refers to the continuous flow of individual features. 

Different features may arrive at different times. In a 

smart factory, various machines are equipped with 

multiple sensors that monitor different aspects of 

machine health, such as temperature, vibration, 

sound, and operational speed. These sensors stream 

data at different intervals, and not all features are 

available at the same time. The prediction of 

potential machine failures in real-time needs to be 

performed to prevent downtime. Feature Selection 

is a data preprocessing step in which a decision is 

made regarding the inclusion or exclusion of the 

newly arrived feature. Feature selection in feature 

streams, where not all features are available at the 

same time, and we are unaware of the total number 

of features, is more challenging than in data streams 
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with fixed features. Our study focused on dynamic feature streams. Selecting the relevant number of 

features speeds up the data mining algorithm and improves the predictive accuracy of the classification 

model [2, 3, 4]. 

 

The remainder of this paper is organized as follows. First, a literature survey is presented along with 

the issues and challenges of feature stream selection. Next, a general framework describing the 

methodology of feature stream selection is outlined, followed by the implementation results and 

observations from a few existing feature stream algorithms. Finally, the paper concludes with a 

summary of the study. 

 

LITERATURE REVIEW 

The techniques carried out for feature stream selection were analyzed based on the availability of 

class labels for learning, categorizing them into supervised and unsupervised approaches. 

 

Supervised Algorithms 

The various algorithms under supervised learning are discussed below. 

 

In the grafting-based approach, the feature selection technique involves adding features to an existing 

model by adjusting one or more weights in the weight vector [5]. Each added weight (wj) incurs a 

regularization penalty, which is computed as λ|wj|. After incorporating a feature, the mean loss decrease 

of the model was evaluated. If the reduction in error is greater than the penalty imposed by 

regularization, the feature is retained in the model. If the reduction in error is smaller than the penalty, 

the feature is excluded because its contribution is not sufficiently significant to justify its inclusion [5]. 

Issue: This approach is supervised, and parameter tuning is very difficult. 

 

In the feature stream method using alpha investing [6], “a p-value is used to determine if a new feature 

should be added to the model. Linear regression was performed to assess the updated model, with the 

null hypothesis suggesting that the new feature did not improve the model’s predictive performance. A 

p-value is generated through hypothesis testing, and if it is lower than a predetermined significance 

level (αi), the feature is incorporated into the model” [6]. Issue: Alpha investing does not account for 

feature redundancy, as it evaluates each feature only once. 

 

OSFS (online streaming feature algorithm) classifies features into four categories: “irrelevant, 

redundant, weakly relevant but non-redundant, and strongly relevant features” [7]. This classification 

is based on conditional independence principles from probability theory [7]. For example, probability 

P(A | B, C) = P(A | C), which indicates that knowing B does not alter the probability of A once C is 

known, signifying that A and B are conditionally independent, given C. This principle helps eliminate 

redundant features and assesses whether new features contribute valuable information to the target 

variable T. If a feature X and class attribute C are conditionally independent for a given subset of 

features S, then feature X is considered redundant and discarded. Issue: Redundancy analysis in OSFS 

is computationally expensive, and as the feature set grows, it becomes a bottleneck, leading to reduced 

performance. 

 

Fast-OSFS (fast-online streaming feature algorithm) method improves upon OSFS by assessing both 

redundancy and interactions between newly added features and previously selected features, thereby 

speeding up the feature selection process [8]. However, it still incurs high computational costs, 

particularly with large high-dimensional datasets. Issue: Even with optimization, computational costs 

can be prohibitive when dealing with datasets containing millions of features. 

 
SAOLA (scalable and accurate online approach): The theory of mutual information (MI) is used to 

identify the relevant and redundant features [9]. It first decides a relevance threshold and then it 

calculates the mutual information between the newly arrived feature Xt and the class variable Y. The 
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new feature is considered to be a relevant feature only if the calculated mutual information I(Xt, Y) is 

greater than the decided threshold. In the redundancy removal step, if I(Xt, Xj) >= I(Xt, Y) or I(Xj, Y), 

where Xj and Xj are features of the selected feature set. In such a case, the feature with the lowest mutual 

information with respect to the class variable is removed. Issue: Deciding the threshold for mutual 

information is tedious. 

 

In the approach mentioned in the online scalable streaming feature selection via dynamic decision 
[10], normalized mutual information (NMI) is used to select relevant features. NMI is defined as: 

NMI (X, Y) = 2MI (X, Y)/H(X) + H(Y), 

Where, mutual information (MI) and entropy (H) are used to assess the relationship between features 

[10]. It dynamically adjusts thresholds based on global statistics to categorize new features as relevant, 
redundant, or requiring further evaluation. This provides more accurate predictions but remains 

computationally expensive. 
 

Unsupervised Feature Selection Algorithm 

Feature selection for dynamic data in which class labels are unknown poses a great challenge [3]. 

Various unsupervised learning algorithms are discussed below. 

 
Unsupervised feature selection for dynamic features method extends k-means clustering to decide 

whether newly arrived features should be selected or discarded [11]. It uses metrics, such as the Pearson 
correlation coefficient (PCC), least squares regression error (LSRE), and maximal information 

compression index (MICI), to assess feature relevance [11]. 
 

Online unsupervised streaming feature selection through dynamic feature clustering uses density-
based clustering to select features [12]. Although the time complexity of this algorithm is relatively 

high compared to supervised methods, it is capable of handling both continuous and discontinuous 
feature streams. 

 
This method dynamically adjusts thresholds based on global statistical information to categorize new 

features as relevant, redundant, or requiring further evaluation. This approach provides more accurate 
predictions but can still be computationally expensive. 

 
Most existing studies used statistical approaches in feature stream selection to select relevant features, 

as shown in Table 1. Most of these methods require the selection of an appropriate threshold in their 

test to filter the attribute [13–15]. The selection of an appropriate threshold value requires extensive 
experimentation. Redundancy analysis of the feature subsets is a time-consuming task. Most studies 

have been performed on supervised datasets where class labels are available. Most existing streaming 
feature selection methods are suitable for features of a single data type, or they have provided different 

versions of algorithms for categorical and numerical features [16]. Therefore, feature stream selection 
algorithms that work for mixed-data-type feature streams are required. 

 
Issues and Challenges in Feature Stream Selection 

1. Feature streams can have high-dimensional feature spaces, which leads to computational and 
storage challenges. 

2. Feature streams may contain noisy or redundant features that can degrade the model’s 
performance. Identifying and filtering irrelevant or redundant features is crucial. 

3. The feature space itself changes with the introduction of new features, and others may become 
irrelevant. Designing algorithms that can handle dynamic feature spaces is challenging. 

4. Feature selection in feature streams often needs to be performed in real-time to ensure timely 
model updates and decision-making. This requires efficient and rapid algorithms. 

5. The optimal number of features needs to be selected that will lead to improvement in the 

predictive accuracy and efficiency of the machine learning model. 
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Table 1. Approaches of feature stream selection. 

Citation Scoring mechanism Statistical approach used 

[17, 18] Statistical Tests  p-values, t-tests, chi-square tests 

[19, 20] Information Theory Entropy, mutual information, and conditional independence 

[20, 21, 22] Model Weights Feature importance from linear regression, decision trees 

(e.g., Gini index, SHAP values) 

 

 
Figure 1. Framework of feature stream selection. 
 
METHODOLOGY 

The general methodology used in feature stream selection is shown in Figure 1. 
 
Input Feature Stream 

The input to the algorithm is the new features arriving at different timestamps. 
 
Online Feature Selection in Feature Stream 

Feature selection was done in two stages. The first stage is relevance analysis, and the second stage 
is redundancy removal. In relevance analysis, many measures are used to determine the relevance of a 
newly arrived feature to the class. Various approaches, such as chi-squared, gain ratio, information gain, 
and probability theory, can be used to determine the attribute’s significance in predicting the class. The 
relevant features are selected, and if the attribute is evaluated as irrelevant, it is discarded. Once the 
relevant attributes are selected, the redundancy in attributes created owing to the recent selection of 
features is evaluated using measures such as correlation. If a high correlation is found between any two 
features, then any one of these can be retained, and the other is considered redundant and discarded. 
After discarding the features that are considered irrelevant and removing the redundant features, the 
optimal number of features is selected and used for the data mining task. 
 
Data Mining Task 

The performance of the feature selection algorithm is evaluated using the selected features in building 

the machine learning model, such as k-nearest neighbors (KNN), support vector machine (SVM), and 

classification and regression tree (CART), and observing the average prediction accuracy of the model 

built with selected features, the time taken by the feature selection algorithm, and the average number 

of features selected from each dataset. 

 n ut feature stream

 ele ted features

     

 ata minin  tas 
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Experimental Setup 

The experiments conducted by most researchers were performed on benchmark datasets, as shown 

in Table 2, and the simulation of the feature stream was performed by taking a single feature at a time 

or using a sliding window to simulate multiple features simultaneously [23, 24]. Some of the work was 

carried out on synthetic data generated specifically for feature stream simulations. R, MATLAB, and 

Python are the preferred programming languages used by the majority of researchers. Additionally, 

Weka and the massive online analysis (MOA) tools are commonly used open-source tools for mining 

purposes. The performance of the system was measured using the following parameters: 

1. Average number of selected features. 

2. Time required to select the features. 

3. Prediction accuracy of the model built with selected features. 

 

RESULTS AND DISCUSSION 

To understand the working of the existing approach, algorithms such as alpha investing, online 

feature selection (OFS), and SOALA are implemented with fine-tuned parameters. The experiments 

were conducted using Python 3.10 on Google Colab, which leverages graphics processing unit (GPU) 

runtime for  om utational effi ien y.  or al ha investin , α=0.05, αΔ =0.5, was  hosen [6]. For OFS 

Level of Significance was set at 0.05. For scalable and online approach for learning algorithms 

(SOALA), al ha(α)=0.05 was ta en. The results are  resented below: Re ardin  a  ura y, al ha 

investing and OFS perform better than SOALA, as shown in Table 3. SAOLA requires less computation 

time for feature selection when compared to the other two approaches, as listed in Table 4, and OFS 

selects fewer features, as indicated in Table 5. Additionally, Figure 2 shows the accuracy results of the 

stated above. 

 

Table 2. Benchmark datasets. 

Data set name Instance Features Classes 

SRBCT_std [7, 10] 63 2308 4 

Lukemia_std [9, 10] 72 7129 2 

Prostate [10] 102 6033 2 

Arcene [10] 900 10000 2 

Lymphoma [10] 62 4026 3 

DLBCL [10] 77 7129 2 

Breast [10, 17] 97 24481 2 

WDBC [7, 6] 569 30 2 

 
Table 3. Predictive accuracy of KNN. 

Data set Original number of features Alpha investing OFS SOALA 

SRBCT 2308 82 92.3 69.23 

WDBC 30 92.1 89.4 55.26 

Prostrate 6033 90.4 95.23 90.4 

Arcene 10000 79 72.5 72.5 

 
Table 4. Time taken in seconds for feature selection. 

Data set Alpha investing OFS SOALA 

SRBCT 13.3 261.22 4.59 

WDBC 0.38 3.85 0.02 

Prostrate 48.4 409 11.3 

Arcene 31.6 414 29.7 
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Table 5. Number of features selected. 

Data set Alpha investing OFS SOALA 

SRBCT 12 4 14 

WDBC 20 3 2 

Prostrate 8 4 6 

Arcene 7 4 22 

 

 
Figure 2. Accuracy using KNN. 

 

CONCLUSION 

This study provides an overview of the different techniques and approaches used for feature stream 

selection, along with issues and challenges. It was observed that most of the work was concentrated on 

a single feature arrival at a time, and all the features were of a single data type. In real-time, the features 

can be of mixed data types, and many features arrive at a single instance of time. Feature stream 

selection for real-time data with high dimensions is still very challenging. 
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