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ABSTRACT As a branch of artificial intelligence, machine learning focuses on using data and 

algorithms in order to make computers accomplish tasks without explicit programming. Feature 

selection is an essential phase in the machine learning process that has a huge impact on the 

performance of predictive models. Even though automated feature selection techniques are 

commonly used, incorporation of domain knowledge, an understanding and expertise in a specific 

area or field, in the process can bring about great improvement. This paper discusses the role 

domain knowledge plays in feature selection by showing how experts’ perspectives help in 

identifying meaningful features that enhance model accuracy and applicability. It also 

comprehensively discusses ways of acquiring domain knowledge and incorporating it in feature 

selection. The paper also discusses the challenges that accompany incorporating domain 

knowledge in feature selection. 
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I. INTRODUCTION 

Machine Learning (ML) has changed several areas of human endeavor ranging from financial, 

education, healthcare, and others by providing predictive modelling and analytic tools. However, 

the success of these predictive modelling and analytic tools largely relies on the quality of features 

in the dataset used in training the models. Feature selection, which refers to identification, and 

selection of very important variables in a dataset is crucial in developing effective and efficient 

machine learning model (Melchior, 2022). Though there are many automated techniques for 

feature selection, incorporating domain knowledge into it can greatly improve the process (Groves, 

2021). Domain experts can bring insights and expertise into selection of features that are not only 

significant statistically but also contextually meaningful (Himel & Sheng, 2022; Song et al., 2022). 

This paper explores the role of domain knowledge in feature selection by explaining how it aids 

selecting relevant features thereby improving performance of the model and ensures the results are 

interpretable. This paper emphasizes the importance of combining automated feature selection 

methods with domain knowledge by providing practical examples.  

Feature selection is the process of selecting relevant features or a combination of features from a 

dataset. Selecting features or variables from the relevant dataset that can be used in training model 

is an important step in machine learning process. The main idea behind this feature selection is to 

find the features or variables that will be best in creating an efficient model (Aretove, 2022). The 

performance, efficiency, and interpretability of machine learning models is improved by feature 

selection technique. Using these techniques, features that are very important in dataset can be 
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identified leading to reduction in overfitting and improvement in the generalization of the result. 

Applying feature selection techniques leads to development of models with better accuracy and 

are interpretable, this in turn leads to better decision making in areas of application (Habeeb, 2024). 

Feature selection process is essential for several reasons (Buyukkececi & Okur, 2023), this include: 

(a). Improved Model Performance: Model’s performance can be improved by removing or 

reducing overfitting. This can be achieved by removing data that is irrelevant and/or 

repetitive; this in turn enhances model’s ability to generalize its result. 

(b). Reduced Computational Cost: Feature selection leads to reduction in the number of 

features used in model training and fewer features means lower computational 

requirements.  

(c). Enhanced Interpretability: Interpretability is very important in industries where decisions 

have major consequences e.g. finance, healthcare. Fewer set of features that are meaningful 

makes model easier to interpret. This interpretation is very significant in understanding the 

underlying data patterns and for gaining insights into how the model makes prediction, and 

understanding how the model makes its prediction helps ensure that the decisions made 

with those predictions are justifiable and trustworthy.  

(d). Mitigation of Dimensionality: Data with high dimensionality usually leads to poor 

performance by the model. This dimensionality results when there is more features than 

observation in the data. Feature selection helps in mitigating the curse of dimensionality 

by reducing the number of features to only the needed ones. 

 
II. RELATED WORKS  

Automated feature selection techniques can be broadly classified into three categories (Menon, 

2024): filter methods, wrapper methods, and embedded methods. 

(a). Filter Methods: These methods use statistical techniques to determine how important a 

feature is irrespective of the model. These statistical methods include Pearson correlation, 

chi-square test, and mutual information. 

(b). Wrapper Methods: These techniques evaluate feature subsets according on how well they 

work with a particular model. Examples of these methods include recursive feature 

elimination (RFE) and genetic algorithms. 

(c). Embedded Methods: under these methods, features are selected during the model training. 

Regularization techniques like Lasso (L1) and Ridge (L2) regression are some of the 

examples of these methods. 

 

Although these methods work quite well, they often fail to recognize the significance of features 

in relation to their industries. They rely solely on statistical computations, which can lead to the 

choice of some features that do not significantly contribute in the prediction process; this is why 

domain knowledge becomes invaluable in feature selection. 

 
(a). Role of Domain Knowledge in Feature Selection 

Domain knowledge refers to the expertise and insights that professionals possess about the specific 

context or field e.g., healthcare, finance, or real estate, from which the data is derived. It entails 

being familiar with the rules, details, and unique aspects of that field (GeeksforGeeks, 2021). 

Domain knowledge is very important in feature selection in machine learning. It serves as a map 

guiding through data jungle. It is essential for the accuracy of machine learning models, as it can 

help in avoiding common pitfalls and errors (Groves, 2022a). For instance, it can assist in avoiding 

data leakage by identifying and excluding features that are not available at the time of prediction. 
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It can also aid in handling missing values by imputing new ones or dropping them (Melchior, 

2022). Furthermore, the relevance of the chosen features can be influenced by incorporating 

domain knowledge into the feature selection process (Radovanović et al., 2019). Here are some 

ways in which domain knowledge contributes to feature selection: 

 

(a). Identifying Relevant Features 

In feature selection, domain knowledge plays a great role in identifying relevant features or 

variables. Through domain knowledge, domain experts can identify which features or variables 

can influence the outcome through their understanding of the underlying process (Guoyan et al., 

2021). For example, suppose we want to predict housing prices using a Machine Learning model. 

An immediate issue that will be faced will be determining which features to use that are highly 

relevant and have high predictive power. This is where domain knowledge comes into play. 

Experts in the field, such as real estate agents, possess a deep understanding of factors that 

influence housing prices. This knowledge empowers them to remove features that have no much 

importance in determining the price e.g., color of the house, and identify features that are likely to 

influence the price of the house, such as proximity to amenities, and lower crime rate in the 

location. By incorporating these domain-informed features, the model can achieve a far more 

accurate prediction of housing prices compared to a model relying solely on generic features 

(Groves, 2022b). By focusing on these relevant features, domain knowledge helps in reducing the 

dimensionality of the dataset, making the model more efficient and potentially improving its 

accuracy. This targeted approach enhances the model's performance. 

 

(b). Improving Feature Interpretability  

Domain knowledge ensures that interpretation of features is easier because it makes sure that only 

relevant, meaningful, and understandable features that are within the context of the problem been 

solved get selected. This ensures the development of models that are more accurate, transparent, 

and easier to communicate and trust. Features selected with the help of domain knowledge are in 

most of the cases more interpretable (Dash et al., 2022). This is very important for fields where 

understanding the rationale behind model predictions is essential e.g. healthcare and finance. For 

instance, a financial analyst can explain why certain economic indicators are important for 

predicting market trends (Kumar et al., 2023). 

 

(c). Enhancing Model Performance 

By aiding feature selection process, domain knowledge significantly enhances model performance. 

It aides feature selection process in different ways e.g. by identifying the most relevant features 

and handling missing data and outliers. By identifying the most relevant features, it ensures that 

the model focuses on the most informative aspects of the data. This approach, which is a targeted 

one, helps in reducing dimensionality of the dataset and improves the efficiency and accuracy of 

the model by eliminating irrelevant or redundant features that could make the learning process 

complicated. In handling missing data and outliers, experts can help with better ways for 

imputation, transformation, or exclusion of such data points based on their knowledge of the 

domain (Somraj, 2021). This careful data processing through domain knowledge ensures the 

development of model on a good foundation, leading to a more reliable and robust performance. 

 

Domain knowledge can be helpful in generating new features that capture important patterns in 

the data. For example, in natural language processing (NLP), linguistic experts can create features 
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based on syntactic and semantic analysis, improving the performance of text classification models 

(CFI Team, 2024). 

 

(d). Avoiding false Correlations 

Applying domain knowledge in the selection of features helps in eliminating false relationship by 

making sure that the features selected have valid scientific relationship with the target variable. 

Selecting features using automated techniques can sometimes lead to selection of features that 

have low correlation with the target variable because of some chance occurrences. In this situation, 

domain knowledge plays a vital role as domain expertise provided by experts is used in 

distinguishing between coincidental correlation that happens due to some random factors and 

genuine correlation. This helps in preventing the inclusion of features that appear statistically 

significant but do not have any meaningful connection to the problem being solved (Warepam, 

2023). 

Through focusing on features that are backed by established theories and empirical evidence, the 

risk of incorporating misleading variables that could lead to incorrect predictions by the model is 

reduced (Explorium, 2023). This selection process enhances the model’s reliability and validity. 

 
III. METHODOLOGIES FOR INCORPORATING DOMAIN KNOWLEDGE 

There are many techniques for integrating domain knowledge into feature selection. They include 

the following: 

(a). Manual Feature Engineering 

This is a process of feature creation and selection through domain expertise only. This process 

may encompass conversion of raw data into meaningful features, combination of individual 

variables to form compound features, and the application of domain specific knowledge to aid 

feature selection (Melchior, 2022). For instance, in a study conducted to predict readmission of 

patients into hospital, domain experts recognized certain characteristics features of patients’ e.g. 

previous admission history, comorbidities, and medication compliance as important features. 

Automated technique alone may not necessarily pick these features even though they have 

significant impact on the accuracy of the model in this instance (Davis et al., 2022).  

(b). Hybrid Feature Selection Methods 

The combination of automated techniques with domain knowledge in feature selection to utilize 

the strength of both is called Hybrid feature selection method. There are two approaches to 

implementing this method; one is that automated methods are used to generate initial features that 

are then reviewed and refined by domain experts. Another approach is that domain knowledge is 

used to define constraints and guide the search process of automated method (Dash et al., 2022; 

Melchior, 2022). Domain experts validate the importance of features identified by automated 

methods ensuring that they are relevant to the problem at hand. They can also help in creating new 

features that accurately represent the domain and ignore the ones that even though are statistically 

significant, have no practical value. This feature selection approach ensures that the derived 

features are meaningful leading to the development of models that are accurate, stable, and easy 

to interpret (Melchior, 2022). 

In an example of a study that involved financial fraud detection, initial features were obtained with 

machine learning algorithms, and then the features were refined by domain experts based on their 

understanding of the patterns of frauds. This led to fewer false positive classifications and an 

overall better model stability (Park et al., 2022). 
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(c). Domain-Specific Ontologies and Taxonomies 

Domain-specific ontologies and taxonomies provide systematized approach for organizing 

knowledge in a specified area. These systematized approaches hierarchically classify concepts and 

relationships to enhance systematic incorporation of domain knowledge in feature selection 

process. By using ontologies and taxonomies, feature selection can be done using already 

established hierarchies of domain-specific terms and their interrelations, ensuring that relevant 

features that aligned with established domain principles are selected. This approach aids in finding 

key features that are in tandem with relevant concepts within the domain thereby eliminating 

grounds for including irrelevant or confusing variables (Melchior, 2022). It is particularly relevant 

in areas such as medicine and biology where relationship between entities, though difficult, has to 

be represented. 

For instance, in genomic data analysis, it is common to use ontologies like the Gene Ontology 

(GO) to create features that represent biological processes, cellular components, and molecular 

functions. These features have been found to improve the performance of models in classifying 

gene-associated diseases (Pastor et al., 2021). 

 
IV. METHODOLOGIES OF ACQUIRING DOMAIN KNOWLEDGE 

Acquiring domain knowledge is essential for effectively applying ML techniques to real-world 

problems. Here are some methodologies to acquire domain knowledge in ML (Mende et al., 2023; 

Xie et al., 2021): 

a) Review of Literature and Research: reading of research papers and review articles that focus 

on the area of interest will give an insight into methodologies used in the domain. Study of 

domain-specific books that cover concept, terminologies, and problems specific to the field 

and complimenting it with ML-specific literature to understand how ML techniques are 

applied to these problems will help in acquiring the required knowledge. 

b) Collaboration with Domain experts: collaborating with experts e.g. doctors, engineers, in 

domain of interest and working closely with them can provide a good view into practical 

challenges associated with the domain that cannot be seen from the data. Formal and informal 

interview with the expert is another way of collaboration and it is crucial to treat these experts 

with respect and show them that you understand their field of expertise. 

c) Enroll in Domain-specific courses and certifications: enrolling in educational classes related 

to the domain of interest is a strategy to obtain domain knowledge, most especially courses 

that combine machine learning with domain-specific knowledge e.g., AI in healthcare.  

d) Networking and Community engagement: Engaging with professionals, developing a robust 

network both online and offline that focus on the application of ML in specific domains is 

another way of acquiring domain-specific knowledge. 

e) Iterative learning: ML and domain-specific knowledge are continually evolving. Stay updated 

by regularly reviewing new research, tools, and methodologies. Use online platforms like 

Coursera etc. to refresh your knowledge. Also, apply ML techniques to domain-specific 

problems and seek feedback from domain experts. The feedback from the experts will deepen 

the understanding of the domain. 

 
V. CHALLENGES OF INCORPORATING DOMAIN KNOWLEDGE IN FEATURE 

SELECTION 

Even though incorporating domain knowledge into feature selection in machine learning has many 

advantages, it also comes with its own challenges. Potential for bias and overfitting is one of those 
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challenges. Even with their expertise, experts in the field may give more emphasis on some 

features that they believe are important while downplaying others however significant they may 

be, hence narrowing the focus. This can result in a biased prediction by the model thereby reducing 

its generalizability (Himel & Sheng, 2022). Furthermore, depending too much on domain 

knowledge may lead to development of models that do well on training data but poorly on new 

data, as the selected features do not capture the underlying patterns fully. Finding a middle ground 

between domain knowledge and data-driven insight is very important in handling these risks 

(Barbierato & Gatti, 2024). 

Lack of communication between domain experts and data scientists is another challenge faced in 

incorporating domain knowledge in feature selection (Wuest et al., 2016). In order to select 

features effectively, it is necessary for all the parties (domain experts and data scientists) involved 

to collaborate well and have mutual understanding among themselves. This is very difficult to 

achieve due to different perspective, terminologies, and methodologies. Domain experts may find 

it difficult to fashion their knowledge in a way that it will be easily converted into machine learning 

features, at the same time, it will be challenging for data scientists to interpret and incorporate the 

expertise into models (Himel & Sheng, 2022; Xie et al., 2021). Removing this barrier needs 

dialogue and development of interdisciplinary skills. 

 
VI. CONCLUSION 

Domain knowledge is essential in feature selection for developing effective and interpretable 

machine learning models. By using professional expertise in a specific area, relevant and 

meaningful features can be elicited which will improve interpretability and performance of model. 

Even though there are challenges in integrating domain knowledge in feature selection, achieving 

robust and reliable predictive model as we look into the future lies in seamless combination of 

domain knowledge and automated feature selection techniques. In conclusion, incorporating 

domain knowledge in feature selection process for machine learning is at the same time a challenge 

and an asset. This paper has highlighted the importance of expertise in a particular domain in 

improving the accuracy and interpretability of models. Thus, when such expertise is used in feature 

selection, features with most predictive tendency can be identified and given high priority thereby 

enhancing the performance of the model. This process nonetheless has its own challenges such as 

biases, which may arise during data mining processes, overfitting, and gap in communication that 

may occur between data scientists and domain experts. In dealing with these challenges, there 

should always be equilibrium between incorporating data driven techniques along with domain 

knowledge for creating collaborative environments where continuous learning takes place. 

In the future, incorporating domain knowledge in feature selection lies on improved collaboration 

between disciplines and the use of advanced technologies. Automated feature engineering tools, 

explainable AI (XAI), and transfer learning techniques are set to close down the gap between 

expertise in domain areas and machine learning. The improvements will facilitate faster and 

smoother process for selecting features. Thus, due to evolving nature of the field, it is important to 

have an approach that continuously validate the features to make sure they are still relevant due to 

arrival of new data and ever-changing domain knowledge. In the end, properly incorporating 

domain expertise in selection of features would enable us not only to achieve models that are more 

accurate, interpretable but also promote practical application as well as innovation across various 

fields. 
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