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Air quality, both indoors and outdoors, is crucial for public health as it affects respiratory conditions
and overall well-being. Machine learning (ML) techniques offer innovative solutions for monitoring
and predicting air quality. However, choosing the right ML algorithms and evaluation metrics is
essential for creating accurate air quality prediction models, as these choices directly impact the
accuracy and reliability of the results. This study aims to explore and summarize the literature on
the use of ML techniques in predicting and optimizing air quality, addressing the urgent issue of air
pollution. The review analyzed papers from two electronic databases, namely Scopus and Science
Direct. Information on ML techniques for predicting air quality and identifying the main sources of
pollution was extracted from 26 studies. The study focuses on common ML techniques employed
in air quality prediction, including classification, deep learning, regression, ensemble learning, and
combinations of regression and deep learning. It also identifies the evaluation metrics used to
assess the performance of these models, such as recall, root mean square error (RMSE), mean
absolute error (MAE), and coefficient of determination (R2). By synthesizing existing knowledge,
this study provides a comprehensive understanding of the metrics researchers use to measure the
overall effectiveness of ML algorithms. It serves as a benchmark for future research and guides

the selection of appropriate evaluation metrics in the field of air quality prediction.
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I. INTRODUCTION

Air quality refers to the condition of the air in our
surroundings, specifically in terms of the presence of
pollutants and their impact on human health and the
environment. It is a crucial aspect of environmental health,
directly affecting the well-being of both humans and
ecosystems. Such harmful substances can cause discomfort,
illness, and even result in millions of deaths each year [1].
Therefore, air pollution has become a major global concern,
prompting experts to focus on monitoring, maintaining, and
improving air quality [2].

In recent years, the integration of Machine Learning (ML)
techniques has emerged as a promising approach for
predicting and optimizing air quality. As societies deal with
the consequences of air pollution, it becomes imperative to
understand the effectiveness of ML models in this context
[3]. The rapidly developing field of ML has shown significant
potential in addressing environmental challenges, with a
particular focus on predicting and optimizing air quality.
With the ongoing growth of industries and urbanization, the

harmful effects of air pollution have become increasingly
apparent [4].

In this context, the selection of ML algorithms and
evaluation metrics plays a crucial role in developing effective
models for predicting air quality [5]. Various ML algorithms,
including supervised, unsupervised, and ensemble methods,
possess different strengths for handling the complexities of
air quality data, ranging from predicting pollutant levels to
identifying patterns and anomalies. The choice of the most
suitable algorithm depends on factors such as the
characteristics of the data, the specific objectives of the
prediction, and the need for interpretability [6].

Equally important is the choice of evaluation metrics,
which assess the performance and reliability of these models.
Metrics such as Mean Absolute Error (MAE), Mean Squared
Error (MSE), R-squared (R2), and precision-recall scores
provide insights into the models' performance and suitability
for real-world applications. A thorough understanding of both
the algorithms and metrics is essential for optimizing air
quality models and ensuring they provide accurate, actionable
insights.

A few Systematic Literature Reviews (SLR) have been
conducted in the field of air quality. According to [7], mosses
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have been used as natural sensors to fill gaps in air quality
records, particularly in developing economies that face air
quality challenges. However, their study focused solely on
moss-based passive biomonitoring. In addition, [8] reviewed
urban air pollution by integrating ML in smart cities, but the
review only examined supervised learning algorithms and
their ability to accurately predict key pollutants, disregarding
other potential approaches and applications of ML in air
quality management. Furthermore, a study by [9] reviewed
30 papers to compare different methods for measuring and
forecasting air pollution levels in cities.

However, the existing systematic literature reviews (SLRS)
did not comprehensively discuss evaluation metrics for
multiple algorithms in ML. Therefore, to address this gap in
the literature, this study aims to comprehensively and
systematically review multiple algorithms in ML and
evaluation metrics, with a specific focus on predicting air
quality for various purposes. By doing so, it seeks to provide
a clearer understanding of how different models perform
under different conditions. Consequently, this study is guided
by two research questions as follows:

1. How do different ML algorithms perform in predicting
multiple air quality parameters?

2. How effective are various evaluation metrics in assessing
the performance of ML models for multipurpose air
quality prediction?

Il. MATERIALS AND METHODS

This systematic review follows the Preferred Reporting Items
for Systematic Review and Meta-Analysis (PRISMA)
methodology, a standardized approach for evidence-based
reporting in meta-analyses and systematic reviews. PRISMA
is a global initiative created to address issues such as the lack
of transparent and well-documented review methods in
published review articles [9]. It provides a minimum set of
items to ensure comprehensive reporting and transparency in
research synthesis [8]. The PRISMA framework protocol
consists of four stages: (1) identification, (2) screening, (3)
eligibility, and (4) study selection. Figure 1 summarizes the
stages in the PRISMA framework, following the guidelines
of [10].

To address the objectives in this study, the process was
divided into distinct stages. First, keywords and search terms,
including synonyms and related terms, were identified by
consulting thesauruses, dictionaries, encyclopedias, and
existing research. Next, screening and eligibility criteria were
established to select the most relevant articles from the
database. After that, data extraction was conducted based on
predefined research questions. Furthermore, the findings
related to these questions were presented, highlighting
comparisons and limitations in the field. These procedures are
explained in more detail in the following sections. Finally, the
review synthesizes the results to draw comprehensive
conclusions and provide recommendations for future research
directions in the application of ML to air quality prediction.

A. ldentification
Two different databases, Scopus and Science Direct, were
used to find relevant articles related to the research questions
outlined in the introduction section. Search strings for the

Identification
Record identifiy Record 1dentifiy
through Scopus through Science
searching Direct searching
(n=270) (n=703)
Screening
Duplicated Records excluded
records are
removed Due follow the
(n=69) criterion;
l Removed article
book, book chapter,
conference proceeding,
Records Non-English, published
screened in <2019
(n=204)
n=152)
Eligibility v
Full text excluded
Article access
for eligibility > Due to the out of
(n=752) field:
1. Title (n=621)
2. Abstract (n=60)
3. Full-text (n=45)
Study selection
v
Studies included in the review
(n=26)

Figure 1. Flow diagram for the proposed search "Evaluation Metrics for
Air Quality Optimization Utilizing Machine Learning."

Scopus and Science Direct databases, as displayed in Table
1, were created after identifying all relevant terms. In the
initial stage of the systematic review process, a total of 973
articles were retrieved successfully from both databases.
These articles were then evaluated based on the established
inclusion and exclusion criteria. After this thorough screening
process, the most relevant articles were chosen for in-depth
analysis to ensure a comprehensive coverage of the research
questions.

Table 1
Query search keywords for the two databases

Database Query
(("Indoor air quality” OR "Air quality™)
Scopus AND ("Machine learn*" OR "Artificial

intelligence™) AND ("Evaluation
metrics"))

("Indoor air quality" OR "Air quality")
AND ("Machine learning" OR "Atrtificial
intelligence™) AND ("Evaluation
metrics™)

Science Direct

B. Screening
In the initial screening phase, we made deliberate efforts to
exclude duplicated articles, ensuring that only distinct and
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unique articles were considered for further analysis. As a
result, a total of 69 duplicated articles were excluded in this
phase. In the second phase, 904 articles were meticulously
screened using carefully crafted inclusion and exclusion
criteria, as shown in Table 2. The primary criterion prioritized
research articles as the primary source of practical
information. Consequently, publications such as systematic
reviews, reviews, book series, books, chapters, and
conference proceedings were excluded. Additionally, we
focused exclusively on English-language articles, which is
widely accepted in the academic community, to maintain
consistency in the analytical process.

The study's timeframe spanned six years, from 2019 to
2024, allowing for a comprehensive examination of relevant
literature within a specific period. To align with the research
question, the review focuses specifically on research articles
involving air quality prediction methods related to ML
subdomains. Evaluation metrics were also considered,
ensuring a focused and contextually relevant investigation.
As a result, a total of 152 publications were excluded during
the screening phase based on these strict parameters,
demonstrating a commitment to selecting only high-quality
and pertinent articles for subsequent research stages.

Table 2
Inclusion and Exclusion Criteria

Criterion Inclusion Exclusion
Language English Non-English
Time line 2019 - 2024 <2019

Systematic reviews, reviews,
book series, books, chapters
and conference proceedings

Literature type  Journal (Article)

Publication

In Press
stage

Final

C. Eligibility

In the third phase, designated as the eligibility assessment,
a total of 752 articles were gathered. During this stage, a
comprehensive review of the titles and key content of all
articles was conducted to verify their compliance with the
inclusion criteria and their relevance to the current research
objectives. Subsequently, 726 articles were excluded due to
their lack of relevance to the research field, insignificant
titles, or absence of abstracts aligned with the study's
objectives supported by empirical evidence. Consequently,
26 articles were retained based on the criteria set for further
examination.

D. Study Selection

Data relevant to the systematic review were extracted from
the selected publications for further analysis. The extraction
process included collecting the following information:

° Authors titles, abstracts and full-text.

° Year of publication and associated database.

° Focus on ML algorithms for air quality prediction

and the use of evaluation metrics.

After extracting the data, the authors thoroughly
synthesized and analyzed the included articles to address the
research question. Additionally, they organized the extracted
data based on the ML algorithms and evaluation metrics
utilized in each study. This categorization allowed for a

comprehensive analysis of the various approaches and
methodologies employed in predicting air quality using ML
techniques.

I1l. RESULTS AND FINDINGS

The systematic review identified 26 relevant articles that
meet the criteria for computationally efficient ML algorithms
designed to address the specific challenges of air quality.
Table 3 provides a summary of these publications, organized
based on criteria established by the researchers. These criteria
include the common theme of the publications, articles and
methods used, indoor parameters, outdoor parameters, and
performance metrics.

A. Comprehensive Overview of Machine Learning
Models and Evaluation Metrics in Air Quality
Prediction

Table 3 shows the systematic literature review focused on
using ML for air quality prediction. The review includes
various studies that explore different models and evaluation
metrics, providing a comprehensive examination of both
indoor and outdoor parameters. The classification models
primarily utilize random forest [11]-[14] and are evaluated
using metrics such as specificity, precision, recall, accuracy,
F1 score, AUC, and sensitivity. One study stands out as it
incorporates multiple algorithms (decision tree, random
forest, k-nearest neighbor, and support vector machine) to
predict air quality and evaluate R? [16]. This approach
demonstrates a strong assessment strategy to gauge the
performance of these models in air quality prediction.

A substantial portion of the reviewed literature focuses on
deep learning approaches. 12 studies [17]-[27], [35] utilized
different architectures like LSTM, CNN, and unique
combinations such as SA-EMD-LSTM and EEMD-SSA-
LSTM. The evaluation metrics used in these studies include
MAE, RMSE, SMAPE, MAPE, IA, TIC, R?, and Absolute
Average Deviation. This diversity of metrics highlights the
complexity and multifaceted nature of evaluating deep
learning models for air quality prediction, considering both
spatial and temporal aspects.

The review also examined six regression models [13], [15],
[29]-[32]. These models utilize various techniques like ANN,
Extra Trees Regressor, Wavelet Artificial Neural Network,
and Support Vector Regression. The evaluation metrics used
for these models include MAE, RMSE, SMAPE, MAPE, and
R. The inclusion of regression models in the literature is
valuable as they offer continuous air quality prediction
insights, which complements the categorical predictions
made by classification models.

Ensemble learning is a collective intelligence approach to
air quality prediction, demonstrated in four articles that utilize
Gradient Boosting, AdaBoost and KPCA, and Stacking
Ensemble [15], [33]-[35]. In this category, evaluation metrics
include precision, recall, accuracy, error rate, F1 score, MAE,
RMSE, IA and Pearson's correlation coefficient. The use of
ensemble methods showcases the advantages of combining
multiple models to enhance predictive performance. These
articles emphasize the effectiveness of ensemble methods in
improving the accuracy and reliability of air quality
prediction models, providing valuable insights for air quality
optimization.
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Table 3

Summary of the research articles yielded from the proposed search criteria

C.?H; rr?:;n Articles & Methods palrg(rjr?;;rs Outdoor parameters Performance metrics
2021 [11] Not PM Specificity, precision, recall, and overall
Random Forest Applicable 10 accuracy
Horizontal visibility, Air
temperature,
Atmospheric pressure,
zRgii(Eif]Forest EOt licable Relative humidity, Mean Accuracy, recall, F1 score and precision
PP wind speed, Dewpoint
temperature,
PMio, NO2, SO, Os
Classification
2022 [13] Not Accuracy, area under the ROC Curve (AUC),
Models Random forest Applicable PMz s, PMo, and 03 recall, precision and F1 score
2022 [14] Not PM Accuracy, sensitivity, specificity, precision
Random forest Applicable 2% and recall
2019 [15] Not ﬁﬂ:ﬂhzg?;%)g%ee’ PM Precision, recall, accuracy, error rate and F1
Decision Trees Applicable d PO score
and PM2_5
2024 [16] .
Decision Tree, Random Forest, K-Nearest VOC Not Applicable &izgrﬁ%);taigg E:F?%fﬂment of the
Neighbor, and Support Vector Machine
Mean Absolute Error (MAE), Root Mean
i%%rzM[”] XOt licable PM,sand PMy, Square Error (RMSE), and Symmetric Mean
pp Absolute Percentage Error (SMAPE)
2023 [18] Not RMSE, MAE, Mean Absolute Percentage
Convolutional Neural Network (CNN) Applicable  PM2sand PMuo Error (MAPE), index of agreement (IA) and
PP Theil inequality coefficient (TIC)
E%%I?’M[lg] \C;(O)ZéPM and Not Applicable MAE, RMSE and correlation coefficient (R)
2021 [20] Not PM, 5, PMy4, SO,, NO Absolute Average Deviation (AAD), RMSE
H ot H 2.5y 10 2) 2) 1 1
fgﬁﬁ‘f?@?ﬁ;’*smcmtmn Analysis LSTM  \licable €O, Os, NH3,and Pb .~ MAE, and R
2022 [21]
Extended Stationary Wavelet Transform Not PM Coefficient of the termination (R?), MAE,
(ESWT) and the Nested Long Short-term Applicable 25 RMSE, and MAPE
Memory (NLSTM) Neural Network
2023 [22]
SA-EMD-LSTM: Combines Self-Attention
(SA) mechanism, Empirical Mode PM_s Not Applicable R?, RMSE, MAE, and MAPE
Decomposition (EMD) algorithm, and Long-
Short Term Memory (LSTM) network
Deep PM_s, PMyo, O3, NO,
Learnin
g 2024 [23] Not .’F‘Sﬁ*e’r\]‘eo(xfgf)z* o, . RMSE, normalized RMSE (\RMSE), and
Convolutional Long Short-Term Memory Applicable ' MAE
(BEN) and Ethylbenzene
(EBE)
2022 [24] Not
Combination of Long-Short-Term Memory Applicable PM;s R?, MAE, and RMSE
(LSTM) and Gated Recurrent Unit (GRU) PP
2023 [25] Not 2
LSTM Applicable " Mes MAE and R
2023 [26]
(VMD-TCN) : Variational Not Not state but discuss 2
mode decomposition (VMD) and Temporal Applicable about Index RMSE, MAPE MAE and R
convolutional network (TCN)
2023 [27]
(EEMD-SSA-LSTM) : Ensemble Empirical Not PMig, SO, NO,, Oz and
Mode Decomposition- Sparrow Search Applicable co RMSE and MAE
Algorithm
2024 [28] Not R?and
Convolutional Neural Network (CNN) and Anplicable PM2.5 and PM10 RMSE
Long-Short-Term Memory (LSTM) PP
e f;;?:;j:‘f Not Applicable R? and RMSE
Regression 2023 [30] Not
Mogdels Extra Trees (ET) Applicable PM;s RMSE, MAE, MAPE, and SMAPE
Regressor PP
2023 [31] Not PM Pearson correlation coefficient (R), MAPE,
Wavelet Artificial Neural Network (WANN)  Applicable 25 RMSE, and MAE
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2020 [32] Not Not state but discuss - -
Artificial neural network (ANN) Applicable about API reading MAPE, RMSE and computational time
2022 [13] Not
Support vector regression Applicable PMzs, PM1, and O RMSE and MAE
2019 [15] Not ﬁﬂ:ghzgzlﬁ))gsjeé PM R, R%, min max accuracy and mean absolute
Support Vector Regression Applicable Y * 0 percentage error
and PM_5
2019 [15] Not ﬁiutlrgh:;(:jli% );'%ee' PM Precision, Recall, accuracy, error rate and F1
Stacking Ensemble Applicable 9 »T0 score
and PMys
2022 [33] Not PM MAE, RMSE, IA and Pearson's correlation
Ensemble Gradient boosting Applicable 25 coefficient (R)
Learning 2023 [34] Not Not state but discuss )
XGBoost Applicable about Index MAE, RMSE, and R
2024 [35]
AdaBoost and Kernel Principal Component PM_s Not Applicable R?
Analysis (KPCA)
Motels ang 2073 ] | Not
Dee Combines support vector machine (SVM) + Anplicable PM; s MAE, MSE, RMSE, and (R?)
Lear?ﬂng long short-term memory (LSTM) PP

A unique contribution to the literature is a study that
combines Regression Models and Deep Learning [36]. In
particular, this study integrates SVM and LSTM, and
evaluates the hybrid model using metrics such as MAE,
RMSE, MSE, and R?. These metrics provide a comprehensive
assessment that combines the strengths of both regression and
deep learning paradigms. By demonstrating the potential of
combining different ML approaches, this study shows how
more accurate and reliable air quality predictions can be
achieved. The integration of regression models and deep
learning in this hybrid approach offers a novel and effective
method for addressing complex challenges in air quality
prediction.

Table 3 above presents a wide range of ML applications for
predicting air quality, including different models and
evaluation metrics. By considering both indoor and outdoor
parameters, along with various models and metrics, the table
provides a comprehensive view of the challenges and
progress in this important field. Additionally, the table
emphasizes the significance of using diverse evaluation
metrics to accurately assess the performance of ML models.
This comprehensive evaluation approach enables researchers
and practitioners to choose the most appropriate models and
metrics for predicting air quality in different situations,
ultimately enhancing the effectiveness of air quality
management strategies.

1V. DISCUSSION

This study delves into the realm of air quality prediction
using ML models, with a specific focus on both indoor and
outdoor parameters. The research commences with a
comprehensive review of existing literature, which
underscores the predominance of deep learning models in this
field as opposed to other models. Additionally, this study
investigates the evaluation metrics utilized across various
model categories, uncovering a range of metrics designed to
assess the predictive abilities of each model type. These
metrics provide a thorough comprehension of the
performance of ML models in air quality prediction, enabling
a detailed analysis of their strengths and limitations in relation
to both indoor and outdoor parameters.

A. Dominance
Prediction

The systematic literature review focused on indoor and
outdoor parameters examines the use of ML models for air
quality prediction. The findings reveal a clear preference for
deep learning models over traditional approaches.
Specifically, the study shows that deep learning techniques,
such as LSTM, CNN, and their hybrid variations, are the
dominant choices, as evidenced by 12 analyzed articles. This
aligns with the results of [37], which demonstrate that deep
learning models outperform shallow ML models and
conventional data analysis techniques across various
applications. This correlation emphasizes the growing
consensus within the scientific community regarding the
superior performance of deep learning methodologies. The
widespread adoption of these models can be attributed to the
complex and dynamic nature of air quality data, as well as the
adaptability of deep learning models.

Firstly, air quality data, especially in the context of indoor
and outdoor parameters, is complex and dynamic. To capture
the intricate patterns and dependencies, models with high
capacity are often required. Deep learning models, such as
LSTMs, are well-suited for this task. They excel in modelling
long-range dependencies and temporal relationships within
sequential data, making them particularly effective for time-
series prediction - a crucial aspect of air quality forecasting
[38]. Furthermore, a study by [39] introduced an LSTM-
Autoencoder-based hybrid deep learning model that achieved
an impressive accuracy rate of 99.50% in detecting anomalies
in Indoor Air Quality (IAQ) time-series data. LSTM models
offer notable advantages in air quality prediction; they not
only reduce execution time but also alleviate computational
complexity during the training phase, making them more
efficient for handling large and intricate datasets. Moreover,
another study by [40] highlighted that deep learning models
have the ability to solve complex data problems. Leveraging
their deep neural network architectures, these models can
automatically learn hierarchical features and patterns from
raw data. This enables them to make accurate predictions and
uncover hidden relationships that traditional models may
overlook.

Secondly, the reviewed articles demonstrate the utilization
of awide range of deep learning architectures, such as STAA-

of Deep Learning in Air Quality
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LSTM, Convolutional Long Short-Term Memory, and SA-
EMD-LSTM, highlighting the versatility of deep learning in
addressing different aspects of air quality prediction. The
ability of deep learning models to adapt to various data
modalities and structures contributes to their extensive
application in the literature. Furthermore, the combination of
deep learning with advanced signal processing techniques, as
observed in models like EEMD-SSA-LSTM and VMD-TCN,
further improves the model's capacity to extract relevant
features and patterns from complex air quality data, resulting
in comprehensive and accurate predictions. Additionally, the
study by [39] supports the notion that employing stateful
LSTM and 3D CNN effectively captures crucial
spatiotemporal correlation characteristics, thereby enhancing
the accuracy and stability of air quality predictions across
different spatiotemporal scales.

While references to traditional models like Random
Forests, Decision Trees, and Regression Models are still
present in the literature, there is clearly a more limited focus
on these approaches compared to the emerging techniques. In
fact, only six articles discuss classification models and
regression models, highlighting this narrower perspective. It
is recognized that these traditional methods, though well-
established, do not fully capture the complexities of modern
air quality data, which often requires more sophisticated
modelling techniques [41]. The limited representation in
recent studies suggests a shift towards more advanced
methods, such as deep learning, which have enhanced
capabilities for handling large and complex datasets. This
trend emphasizes the importance of exploring both traditional
models and newer approaches to gain a comprehensive
understanding of their effectiveness in air quality prediction.

The effectiveness of ensemble learning techniques, such
as AdaBoost, Gradient Boosting, and Stacking Ensemble, is
also acknowledged, although these approaches are used less
frequently compared to deep learning techniques. Moreover,
the existing study highlights a growing interest in combining
ML models with domain knowledge, such as the physical and
chemical principles that govern air quality. This integration
aims to improve model interpretability and generalizability,
indicating a shift towards more holistic approaches that
leverage both data-driven techniques and domain expertise to
enhance air quality prediction models [42]. By integrating
empirical knowledge with advanced ML techniques, this
holistic approach can lead to better performance in accurately
predicting air quality, as well as providing insights into the
underlying mechanisms driving air pollution.

Deep learning models are prevalent in systematic literature
reviews on air quality prediction due to their proficiency in
handling intricate data relationships, adaptability to different
data modalities, and integration of advanced signal
processing techniques for feature extraction. As a result, they
improve prediction accuracy in the challenging domain of air
quality forecasting. The use of deep learning models also
underscores the importance of leveraging sophisticated
algorithms to extract meaningful patterns from complex air
quality datasets. This, in turn, enables more informed
decision-making for environmental management. The
prominence of these models demonstrates the ongoing
evolution of ML techniques in addressing critical
environmental issues like air pollution. It also sets a precedent
for future research in the field.

B.  Evaluation Metrics Across Model Categories

This study focused on predicting air quality using ML
models. Various evaluation metrics were used to assess
classification models like random forest and decision tree.
These metrics include specificity, precision, recall, accuracy,
F1 score, AUC, and sensitivity, providing a comprehensive
understanding of the model’s ability to classify air quality
conditions [43]. However, multi-class classification has a
limitation in terms of its lower limits, as mentioned in [44].
The minimum value ranges between -1 and O and varies
depending on the number and distribution of classes in the
dataset. To overcome this limitation, deep learning models
offer a key advantage by adapting to variations in air quality
data, enhancing the accuracy and robustness of predictions
across different environmental contexts.

For the deep learning models, which were a significant part
of the reviewed articles, a variety of evaluation metrics are
used. Deep learning is highly effective in automatically
learning hierarchical representations from data, allowing for
extraction of complex patterns and features without explicit
programming [45]. As a data-driven technology that has
gained attention in recent years, deep learning has made
significant advancements in the field of optical metrology
[46]. Metrics of these models include MAE, RMSE, SMAPE,
MAPE, Index of Agreement (IA), Theil Inequality
Coefficient (TIC), R?, and Absolute Average Deviation. This
diverse range of metrics reflects the complexity of evaluating
the predictive capabilities of deep learning models,
considering both spatial and temporal aspects in air quality
scenarios. Consequently, many studies now focus on
combining deep learning with regression techniques to
capitalize on the strengths of both approaches, resulting in
more robust and accurate air quality predictions.

Regression models, including ANN, Extra Trees
Regressor, WANN, and Support Vector Regression, were
assessed using metrics such as MAE, RMSE, SMAPE,
MAPE, and R. These metrics aim to evaluate the accuracy
and precision of predicted numerical values in regression
scenarios. While regression models provide a straightforward
and interpretable approach to analyze variable relationships,
they assume linear relationships, which may oversimplify
complex, non-linear patterns in the data [47]. Although
regression models offer simplicity and interpretability, their
effectiveness may be limited when dealing with non-linear
relationships inherent in air quality data [48]. Therefore, there
is a growing interest in exploring more advanced techniques,
such as deep learning and ensemble learning, to capture these
intricate relationships and enhance the accuracy of air quality
predictions.

Ensemble learning, which includes gradient boosting and
stacking ensemble models, combines classification and
regression metrics. To assess the overall performance of the
ensemble models, metrics such as precision, recall, accuracy,
error rate, F1 score, MAE, RMSE, Index of Agreement (1A),
and Pearson's correlation coefficient were used. A practical
tutorial on bagging and boosting based ensembles for ML
showed that these methods are effective in various scenarios,
such as standard multi-class problems, categorical features,
and large datasets [49]. The use of ensemble learning
techniques is an effective strategy for improving air quality
prediction models by leveraging the strengths of multiple
models [42]. This approach not only improves predictive
performance but also provides a comprehensive evaluation of
model performance using diverse metrics.
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One unique contribution in the literature review involved
integrating regression models and deep learning, specifically
by combining SVM and LSTM. The evaluation metrics for
this hybrid model included MAE, RMSE, MSE, and R?,
showcasing a fusion of traditional regression and deep
learning assessment criteria. This unique contribution to the
literature highlights the potential benefits of combining SVM
and LSTM networks, two powerful techniques in ML and
time series analysis. While conventional time series models
like SARIMA have been widely employed for air quality
forecasting, they may struggle to capture complex nonlinear
patterns in the data [50]. This integration demonstrates a
novel approach to air quality prediction, leveraging the
strengths of both regression models and deep learning to
improve the accuracy and robustness of predictions in this
challenging domain.

This systematic literature review found various evaluation
metrics designed for each model category's unique
characteristics. This approach ensures a thorough
understanding of the strengths and limitations of ML models
in predicting air quality, both indoors and outdoors.
Additionally, the review emphasized the growing use of deep
learning models in air quality prediction due to their ability to
handle complex data relationships. The increasing
prominence of ensemble learning techniques also indicates a
trend towards using multiple models to enhance prediction
accuracy. In summary, this review emphasizes the
significance of advancing ML methodologies to tackle the
evolving challenges in air quality prediction and
management.

C. Addressing Gaps in Air Quality Prediction Studies

Many previous studies on predicting air quality have failed
to recognize the importance of including continuous,
dynamic occupancy data. While a few studies touch on this
topic, very few delve deeply into the complex relationship
between occupancy patterns and air quality factors.
Occupancy is a key factor in managing indoor air quality [51],
as the number of occupants directly affects the levels of CO,
humidity, and other pollutants in enclosed spaces. By not
analyzing continuous occupancy data, researchers miss an
opportunity to develop more precise and responsive models
for indoor air quality that can adapt to changes in occupancy
in real-time. Additionally, incorporating continuous
occupancy data into these models can lead to more effective
strategies for controlling ventilation rates [52], optimizing
energy consumption [53], and ultimately enhancing both
indoor air quality and occupant comfort.

Another gap in this study is the limited discussion of key
indoor variables. While some studies focus on a few variables
such as CO, and PM levels, many critical variables are often
overlooked. Factors like temperature, humidity, and VOCs
can significantly affect 1AQ and must be considered
alongside other variables to comprehensively understand the
dynamics of IAQ. Neglecting these variables can result in
incomplete models that fail to capture the complexity of IAQ
management [54]. Furthermore, the interaction between these
indoor variables is often intricate, necessitating sophisticated
modelling techniques to accurately predict IAQ levels. Future
research should strive to incorporate a broader range of
indoor variables into IAQ models to enhance their predictive
capabilities and facilitate more effective strategies for
managing indoor air quality.

In addition, many studies fail to take into account the
impact of outdoor factors on indoor air quality. The quality of
outdoor air can significantly affect IAQ, particularly in
environments with poor ventilation or high levels of outdoor
pollutants. Variables such as outdoor temperature, humidity,
and pollution levels can directly impact the indoor air quality
and must be considered when creating I1AQ prediction
models. If researchers overlook the inclusion of outdoor
variables [55], they run the risk of developing models that do
not accurately reflect real-world IAQ conditions. Moreover,
the interaction between indoor and outdoor air can create
complex dynamics that affect IAQ. Therefore, future studies
should incorporate outdoor factors into IAQ models to
achieve a more comprehensive understanding of the factors
that affect indoor air quality.

Addressing the gaps in air quality prediction studies is
crucial for advancing the understanding of indoor and
outdoor air quality dynamics, as well as improving air quality
management strategies. To achieve this, it is important to
incorporate continuous occupancy data, consider key indoor
variables, and account for outdoor variables. These measures
will lead to more accurate and effective air quality prediction
models. Taking a holistic approach to air quality research will
enable researchers to gain insights that can contribute to the
creation of healthier indoor and outdoor environments for
occupants. Additionally, integrating these factors into air
quality models can also support the development of smarter
building management systems that optimize ventilation and
air purification processes based on real-time IAQ data.
Ultimately, these advancements will significantly improve
occupant health, comfort, and overall well-being in both
indoor and outdoor environments.

V. CONCLUSION AND FUTURE RESEARCH
DIRECTION

In conclusion, this systematic literature review highlights
the various approaches to air quality prediction using ML.
Each approach is characterized by specific models and
associated evaluation metrics. This study examined and
analyzed 26 articles published in Scopus and Science Direct
databases. The integration of classification models, deep
learning techniques, regression models, and ensemble
learning strategies offers a wide range of options for
researchers and practitioners to choose from, depending on
their specific air quality prediction needs. Among these
approaches, deep learning techniques often stand out for their
ability to handle complex datasets and capture intricate
patterns. The careful consideration of evaluation metrics in
each category ensures a thorough understanding of model
performance and contributes to the ongoing development of
effective air quality prediction methods. This rigorous
evaluation not only helps identify the most suitable models
for different prediction tasks but also drives advancements in
methodologies to improve accuracy and reliability.

However, this literature review has certain limitations.
Firstly, it only considered articles from two databases, which
may not provide a comprehensive overview of the extensive
literature on ML, evaluation metrics, and air quality. To
overcome this limitation, future researchers should consider
examining more than two databases to capture all the crucial
advancements in these areas. Another limitation is the
scarcity of studies that comprehensively address both indoor
and outdoor air quality in a single paper. This restricts our
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understanding of how these environments interact and
influence each other. To address this limitation, future
research should aim to integrate both indoor and outdoor air
quality data within a single framework, allowing for a holistic
analysis of how environmental factors across different
settings impact air quality. This study has the potential to
make a significant impact in the field of air quality. It
provides valuable insights and can guide the development of
more effective strategies for managing air quality in diverse
environments. Further exploration in this area could lead to
enhanced policies and technologies for improving air quality
on a broader scale.
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