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Background: Principal Component Analysis (PCA) is extensively utilized in Electronic Nose (E-nose) research for 
dimensionality reduction, allowing simplification of high-dimensional data and enhancing computational effi
ciency. However, its dependency on linear assumptions and sensitivity to outliers pose significant challenges, 
particularly when faced with nonlinear or overlapping datasets.
Scope and approach: This paper explores advanced methods such as Kernel PCA (KPCA), t-Distributed Stochastic 
Neighbor Embedding (t-SNE), and Uniform Manifold Approximation and Projection (UMAP), which are more 
adept at managing nonlinear data, as well as nonparametric methods like Spearman’s correlation and Kendall’s 
tau to illuminate sensor data relationships. Furthermore, we examine the necessity of Variance Inflation Factor 
(VIF) analysis in addressing multicollinearity, highlighting hybrid approaches like Random Forest-VIF and PCA- 
VIF that enhance model stability and interpretability.
Key findings and conclusions: The original article by Zheng et al. (2025) demonstrates the broad applicability of 
PCA in detecting alcoholic beverages using E-noses, yet emphasizes the requirement for further research into its 
limitations. While PCA is foundational, its shortcomings call for the integration of advanced methodologies that 
cater to the complexities of E-nose data. Future research should focus on refining preprocessing protocols, uti
lizing nonlinear techniques, and managing data variability to improve accuracy and robustness, ultimately 
expanding E-nose applications across various domains and ensuring reliable performance.

We appreciate the opportunity this letter gives us to further elaborate 
on the discussion initiated in our recent publication (Zheng et al., 2025). 
This article was written as a commentary, "a forum for personal opin
ions, observations or hypotheses, to present new perspectives and 
advance understanding of controversial issues by provoking debate and 
comment" according to the Guide for Authors of Trends in Food Science 
and Technology. The prompt engagement following its publication un
derscores the academic relevance of the topic and reflects the presence 
of diverse perspectives within the field.

Principal Component Analysis (PCA) remains a fundamental 
dimensional reduction technique and a widely applied chemometric tool 
in Electronic Nose (E-nose) research. It is valued for its role in data 
simplification and improving analytical precision. However, its reliance 

on linear assumptions and limitations with nonlinear data can under
mine reliability in practical applications. Addressing these challenges is 
crucial to improving the robustness and real-world performance of e- 
nose systems. In this paper, Prof. Takefuji identifies three main concerns. 
Firstly, he highlights the shortcomings of PCA in analyzing nonlinear 
and nonparametric datasets, emphasizing that its linear assumptions can 
result in distorted projections, overlooked local structures, and over
lapping classes. Secondly, they highlight the lack of ground truth 
benchmarks in PCA and advocate for nonparametric methods like 
Spearman’s correlation and Kendall’s tau, supplemented with p-values, 
to improve the accuracy of feature importance assessments. Lastly, he 
emphasizes the importance of performing a Variance Inflation Factor 
(VIF) analysis before applying statistical methods to detect and mitigate 
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collinearity and interaction effects, ensuring a more reliable evaluation 
of feature importance in complex datasets. Each point is addressed in 
detail in the following subsections, and a final section has been included 
to provide concluding remarks on this matter.

1. The limitations of PCA in E-nose research

The manuscript by (Zheng et al., 2025) aimed to provide an 
up-to-date review of the present applications and technological progress 
in the E-nose technique for alcoholic beverages detection. Data pro
cessing algorithms were also explored as a supplementary topic to 
ensure a more rigorous and comprehensive review. Section 3 of our 
article (Zheng et al., 2025) highlighted PCA as the most frequently 
employed data analysis method in alcohol detection by presenting a 
table featuring a selection of recent examples. However, we merely 
summarize the current applications of PCA without delving deeply into 
the inherent limitations of this data processing method or their impli
cations for related research. PCA indeed faces some notable challenges, 
especially in the application of E-nose and their real-world detection 
scenarios, as pointed out by Prof. Takefuji in his letter.

In the application of E-nose sensors, the high-dimensional data 
generated typically comprises a substantial number of correlated fea
tures. PCA is employed to reduce dimensionality through linear trans
formations, effectively removing redundant features, suppressing noise, 
and significantly optimizing computational efficiency and storage re
quirements (Bax et al., 2022; Piłat-Rożek et al., 2023; Tan et al., 2025). 
Therefore, PCA as a conventional algorithm is recommended for 
straightforward scenarios owing to its efficiency in rapid prediction and 
suitability for hardware implementation (Hotel et al., 2018; Peng et al., 
2009; Tang et al., 2010). However, there are certain limitations to the 
PCA. First, the primary limitation of PCA lies in its assumption of linear 
separability, which can lead to suboptimal performance when applied to 
inherently nonlinear datasets, such as those characterized by circular or 
manifold-like distributions. In such cases, PCA’s linear projections are 
unable to accurately capture the true variance and underlying re
lationships within the data (Labrín & Urdinez, 2020). Second, PCA is 
highly sensitive to outliers, as well as the scale and distribution of the 
input data, which can impact its effectiveness. Third, interpreting 
principal components becomes increasingly challenging when dealing 
with many features, limiting its utility in complex datasets (Mahanti 
et al., 2024). Fourth, PCA has limitations when handling overlapping 
data, as it focuses solely on maximizing variance without considering 
class separability. This can result in poor differentiation between over
lapping classes, as PCA does not account for inter-class variance. Addi
tionally, important class-specific features may be overlooked if they 
contribute minimally to overall variance. For better performance with 
overlapping datasets, supervised techniques like Linear Discriminant 
Analysis (LDA) or advanced methods such as KPCA and t-SNE, which 
consider class relationships, are more suitable. To address this, re
searchers have developed alternative or hybrid approaches such as 
Kernel PCA (KPCA), which extends PCA by utilizing kernel functions to 
map data into higher-dimensional spaces for better analysis of nonlinear 
structures (Li, Wang, et al., 2024). Advanced techniques like t-Distrib
uted Stochastic Neighbor Embedding (t-SNE) and Uniform Manifold 
Approximation and Projection (UMAP) are specifically designed to 
manage nonlinear data, offering more precise representations of com
plex patterns (Dang et al., 2024; Jiang et al., 2025). Integrating these 
methods into E-nose systems or similar applications can mitigate PCA’s 
limitations while preserving the advantages of dimensionality 
reduction.

It is undeniable that, despite its inherent limitations, PCA remains 
the primary data processing method in E-nose detection consistent with 
our article, as supported by some other review studies (Yanchen Li et al., 
2024; Mahanti et al., 2024; Tan et al., 2025). We align with Prof. 
Takefuji’s letter and anticipate that future advancements in the field will 
address PCA’s drawbacks by integrating more advanced techniques, 

such as machine learning and deep learning, which are better suited for 
handling complex, nonlinear, and high-dimensional data. Additionally, 
the exploration of novel dimensionality reduction methods tailored to 
the specific characteristics of E-nose data could significantly enhance 
detection accuracy and robustness. Interdisciplinary efforts combining 
materials science, sensor technology, and data analytics will likely drive 
further innovation and broaden the applications of E-nose systems.

2. Nonlinear and nonparametric methods

The data from an E-nose is typically nonlinear and often considered 
nonparametric, because it lacks predefined structures or distributions, 
making flexible, data-driven analytical methods essential for effective 
processing and interpretation (Ma et al., 2024). Prof. Takefuji suggested 
that Spearman’s correlation and Kendall’s tau were supplemented with 
p-values. These nonparametric methods are typically used to evaluate 
relationships between variables, particularly in cases involving 
non-normally distributed data or outliers (Hettmansperger & McKean, 
2010; Perreault, 2024). In the context of E-nose systems, we agree these 
methods could be valuable for analyzing correlations between sensor 
responses and specific odor characteristics or environmental variables. 
Evidence in the literature explicitly demonstrates the application of 
Spearman’s correlation and Kendall’s tau in E-nose research (Wang 
et al., 2022; Xiong et al., 2023). However, there are limited reports on 
E-nose detection for alcoholic beverages, which are mainly focused on 
the last few years, proving that these data processing methods are 
gradually becoming a research hotspot (Hou et al., 2024; Huang et al., 
2025; Zhang et al., 2024).

Spearman’s rank-order correlation coefficient correlation and Ken
dall’s tau, supplemented with p-values, measure the strength and di
rection of monotonic relationships between two variables while 
providing a statistical significance test to determine the likelihood that 
the observed correlation occurred by chance (Rezapour & Balakrishnan, 
2013; Wu & Wang, 2022). Unlike Pearson’s correlation, which relies on 
assumptions of linearity and normal distribution, these approaches are 
more robust against outliers, non-linear patterns, and hetero
scedasticity, making them well-suited for real-world data without 
introducing bias (Profillidis & Botzoris, 2019). Spearman’s correlation is 
highly effective in identifying monotonic relationships, making it ideal 
for large-scale data analysis, feature selection in machine learning, and 
environmental monitoring (Awasthi et al., 2025; Jiang et al., 2024). In 
contrast, Kendall’s tau offers superior performance in handling tied 
ranks and demonstrates strong robustness with small sample sizes, 
making it preferable in fields such as psychometrics, healthcare ana
lytics, and real-time sensor data processing (Chen, Ghadami, & Epur
eanu, 2022; Wang et al., 2020). However, several factors could be 
attributed to the limited combination of Spearman’s correlation and 
Kendall’s tau with E-nose research. E-nose research often emphasizes 
predictive accuracy in odor classification and detection, favoring 
dimensionality reduction techniques like PCA and classification algo
rithms such as SVM or Random Forest to handle high-dimensional data. 
Spearman’s and Kendall’s methods, while effective for exploring re
lationships, are not specifically designed for these purposes. Addition
ally, the nonlinear and multivariate characteristics of E-nose sensor data 
make advanced machine learning approaches more suitable than 
simpler correlation metrics. These methods are also sometimes regarded 
as basic statistical tools, leading to their potential for exploratory anal
ysis, feature ranking, or validation being underutilized. Furthermore, 
the lack of practical examples in the literature demonstrating their 
application to E-nose systems reduces awareness and adoption.

Numerous nonlinear and nonparametric methods have been 
employed in recent literature to overcome the limitations of linear 
techniques and analyze complex datasets, including those in E-nose 
research. Common machine learning approaches, such as Support Vec
tor Machines (SVM), Random Forests, and K-Nearest Neighbors (KNN), 
are widely utilized for classification and regression tasks (Anwar & 
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Anwar, 2025). Deep learning models, including Artificial Neural Net
works (ANN), Convolutional Neural Networks (CNN), and Recurrent 
Neural Networks (RNN), excel at capturing nonlinear patterns (Ni et al., 
2024). Dimensionality reduction techniques like t-SNE, UMAP, and 
KPCA are frequently applied to manage high-dimensional data effec
tively. Statistical methods, such as Gaussian Process Regression (GPR) 
and quantile regression, along with clustering techniques like DBSCAN 
and K-Means with nonlinear kernels, are also extensively used (Yoon & 
Lee, 2024). Furthermore, methods for nonlinear time-series analysis, 
including Dynamic Time Warping (DTW) and autoregressive models, 
are particularly effective for addressing temporal variations in sensor 
data (Zhu et al., 2024). The integration of these advanced techniques 
with traditional methods has significantly improved the analysis and 
interpretation of complex data, especially in E-nose research. However, 
the drawbacks of commonly-used machine learning models cannot be 
overlooked either. (i) While models can be assessed based on known 
target outcomes (i.e., ground truth for predictions), there is no equiva
lent "ground truth" for determining feature importance. Consequently, 
the importance scores generated by different models are inherently 
model-specific and may vary depending on the methodology used. (ii) 
Feature importance scores can be distorted by overfitting, where the 
model places excessive emphasis on noise or specific patterns in the 
training data. The inclusion of irrelevant or redundant features can also 
skew these scores. Furthermore, variations in model sensitivity to 
hyperparameter configurations can destabilize importance estimates, 
amplifying potential biases. For instance, random forests may not be 
reliable when predictor variables differ in measurement scale or the 
number of categories, which often overestimate the importance of var
iables with many categories due to their reliance on impurity-based 
splitting measures (Strobl et al., 2007). In contrast, linear models 
might undervalue features with nonlinear effects due to their linear 
assumptions. Similarly, deep learning models, often seen as "black 
boxes", complicate the accurate assessment of the true impact of indi
vidual features.

Given the lack of ground truth values for establishing true associa
tions between targets and features, three key factors must be carefully 
considered. First, understanding the data distribution pattern is crucial, 
as it influences the choice of statistical tests and models. Many statistical 
methods assume specific distributions (e.g., normality in parametric 
tests), and deviations from these assumptions may require alternative 
approaches. Second, analyzing statistical relationships between vari
ables, such as through correlation, regression, or causal inference, helps 
uncover patterns and dependencies, which are essential for predictive 
modeling and mechanistic understanding. Third, p-values assess the 
statistical significance of observed results, indicating whether they are 
likely due to chance. A commonly used threshold is p < 0.05, but sta
tistical significance should always be interpreted alongside effect sizes, 
confidence intervals, and domain-specific considerations to ensure 
robust conclusions (Andrade, 2019).

Therefore, since our article focuses only on the application and 
research of E-nose in the context of alcoholic beverages, it does not 
provide an in-depth or comprehensive discussion of data processing 
methods across the entire field of E-nose research. As a result, certain 
data processing techniques were not mentioned or elaborated upon. We 
think Prof. Takefuji offered a research-worthy thought that given the 
complexity of E-nose data, applying Spearman’s correlation and Ken
dall’s tau could offer valuable insights for addressing data variability 
challenges and improving accuracy in odor detection and classification. 
The complementary strengths of these two methods are particularly 
valuable in the E-nose domain, where sensor arrays often produce 
complex, non-linear, and noisy data. Spearman’s correlation excels at 
detecting monotonic trends between gas concentration levels and sensor 
responses, facilitating feature extraction and enhancing gas classifica
tion accuracy. Meanwhile, Kendall’s tau improves data reliability by 
effectively managing frequent tied sensor outputs, thereby enhancing 
the system’s sensitivity to subtle variations in gas mixtures. This 

synergistic application of Spearman’s correlation and Kendall’s tau 
contributes to the development of more sensitive, selective, and stable E- 
nose systems, supporting their widespread use in environmental moni
toring, food safety, and medical diagnostics.

3. Variance inflation factor analysis

Variance Inflation Factor (VIF) analysis is essential in data pre
processing, particularly for regression models or statistical methods 
requiring independent features. It measures the ratio of variance caused 
by multicollinearity among explanatory variables compared to the 
variance without multicollinearity (Vu et al., 2015). VIF analysis is 
crucial for detecting and addressing multicollinearity, which occurs 
when predictor variables are highly correlated. This issue can lead to 
unstable coefficient estimates, higher standard errors, and reduced 
model interpretability. By identifying and resolving redundant vari
ables, VIF analysis improves the accuracy of statistical conclusions, en
sures reliable evaluation of feature importance, and enhances model 
stability and generalizability in complex datasets (Cheng, Sun, Yao, Xu, 
& Cao, 2022). VIF plays a supporting role in the E-nose field (Chen, 
Yang, et al., 2022). Mutual Information-VIF (MI-VIF) was used to 
improve model interpretability and performance in the E-nose system 
(Cheng, Sun, et al., 2022). Many hybrid methods incorporating VIF into 
broader analytical frameworks hold promise for future E-nose data 
analysis, such as RF-VIF (Random Forest-VIF) (Yu et al., 2025), PCA-VIF 
(Toosi et al., 2022), GA-VIF (Genetic Algorithm-VIF) (Monday et al., 
2025), Lasso-VIF (Zhao et al., 2025), ReliefF (Al-Haddad et al., 2024), 
etc.

Our article mentions VIF only in the context of examples but does not 
explain it (Zhang et al., 2020). We fully agree with Prof. Takefuji on the 
significance of integrating VIF into data preprocessing to enhance model 
performance and interpretability. Nonetheless, in the specific area of 
E-nose applications for alcohol beverage detection, which is the main 
focus of our article, this method is rarely discussed in existing literature. 
We encourage future research to systematically evaluate the effective
ness of VIF-based preprocessing methods in addressing multicollinearity 
within E-nose datasets for alcohol beverage detection.

4. Concluding remarks

In summary, while PCA’s advantages and widespread application are 
well-recognized, it is insufficient to overlook its limitations, as an 
increasing body of research has identified its drawbacks and proposed 
alternative approaches to address them. This highlights an undeniable 
need for further refinement and innovation in data analysis methodol
ogies. The article by (Zheng et al., 2025) provides numerous examples of 
PCA applied to E-nose detection of alcoholic beverages. However, these 
instances do not fully encompass the broader scope of research on PCA 
and other data processing techniques within the E-nose field. We concur 
that it is essential to discuss the advantages and disadvantages of various 
data processing methods, including PCA, to provide valuable insights for 
the future development of E-nose technology. By critically evaluating 
these aspects, researchers can make informed decisions when selecting 
appropriate methods or developing new approaches tailored to the 
specific challenges in E-nose applications. We hope this response suc
cessfully highlights the limitations of PCA in E-nose applications, 
particularly its inability to adequately represent nonlinear and 
nonparametric data structures, which can misrepresent variance and 
obscure key local patterns in sensor data. We also encourage exploring 
and integrating existing technologies, such as nonparametric tech
niques, advanced dimensionality reduction methods tailored for 
nonlinear datasets, and robust multicollinearity mitigation approaches, 
to create a comprehensive framework for data analysis. Emphasizing the 
importance of thorough preprocessing, including feature selection and 
VIF analysis, is critical to ensure the reliability and accuracy of results. 
Lastly, we advocate for the continued development and application of 
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advanced technologies in E-noses, incorporating these improved 
methods to enhance their performance further and expand their prac
tical applications across diverse fields.
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