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Abstract—Understanding air pollutant behaviour and
interactions has become increasingly important due to the
growing impact of air quality on human health and
environmental conditions. Indoor Air Quality (IAQ) has emerged
as a significant metric for public health concerns in recent
decades. Recent studies indicate that people spend more of their
time indoors, further emphasising the importance of
understanding indoor air quality dynamics. Poor IAQ plays a
substantial role in the development of respiratory and
cardiovascular diseases, as well as long-term adverse health
effects. Therefore, this study analyses the Indoor/Outdoor Air
Quality Dataset, which contains air quality measurements
collected from two indoor residential rooms and one outdoor
environment. The analysis focuses on relationships between
several important environmental and pollutant parameters. The
obtained analysis supports a better understanding of correlations
between dominant pollutants that fluctuate in different residential
microenvironments. Pollutant concentrations in indoor
microenvironments exhibit significantly greater variability and
temporal fluctuations compared to outdoor measurements.
Despite this instability, several pollutant relationships remain
consistent across different indoor environments, suggesting the
presence of underlying interaction patterns. These findings
highlight the importance of continuous air quality monitoring, as
well as a deeper understanding of indoor air dynamics in
residential settings. Given the critical role of air quality in
everyday living spaces. The study also suggests several
considerations that may contribute to improving residential
indoor environmental conditions.

Keywords—air quality, indoor air pollution, correlation
analysis, residential microenvironments, environmental monitoring

L INTRODUCTION

Outdoor air pollution has traditionally received greater
scientific attention, while IAQ has emerged as an increasingly
important research area in recent years. Since individuals
spend a substantial portion of their lives indoors, residential
environments play an important role in long-term exposure to
airborne pollutants and environmental conditions [1]. Previous
studies indicate that people spend 80-90% of their time
indoors [2], emphasising the importance of understanding
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indoor environmental dynamics and their implications for
human health [3]. Unlike outdoor environments, indoor
residential spaces represent complex systems influenced by
occupancy, ventilation, temperature variations, and everyday
household activities [4], which may substantially alter
pollutant concentrations over time. Indoor air quality is
commonly characterised through measurements of PMI,
PM2.5, PMI10, carbon dioxide (CO:), volatile organic
compounds (VOC) [5], relative humidity (RH), and
temperature (T), as these parameters reflect pollutant
concentrations, ventilation conditions [6], and environmental
variability. Since environmental variables rarely behave
independently, pollutant interactions are often shaped by
multiple simultaneous factors [7], [8], [9], making
correlation-based analysis a suitable approach for investigating
relationships and synchronisation patterns across residential
microenvironments.

Although numerous studies focus on pollutant concentration
monitoring [10], [11] and air quality assessment [12], fewer
studies investigate how relationships between pollutants
evolve across residential microenvironments under varying
occupancy conditions. Furthermore, publicly available datasets
frequently lack contextual information regarding ventilation
status, exact occupancy levels, or detailed records of indoor
activities, making direct causal interpretation difficult.
Nevertheless, such datasets provide valuable opportunities for
investigating  environmental variability and pollutant
interaction patterns under real-world residential conditions.

To address these challenges, this study investigates temporal
variability and correlation patterns of indoor and outdoor air
quality parameters using a preexisting dataset. The analysis
focuses on measurements collected from two indoor residential
rooms and one outdoor environment, with particular emphasis
on differences between reduced-activity and increased-activity
periods in order to better understand pollutant interactions and
occupancy-driven dynamics in residential settings.

The main contributions of this study are summarised as

follows:
» Comparative analysis of pollutant behaviour across indoor
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and outdoor residential microenvironments.

* Occupancy-based segmentation of residential indoor air
quality dynamics.

* Correlation-based assessment of occupancy-related pollutant
synchronisation.

The remainder of this paper is organised as follows. Section 2
presents the materials, dataset characteristics, and analysis
methods used in this study. Section 3 describes the
experimental setup and discusses the obtained results, with a
focus on temporal variability and pollutant correlation patterns.
Finally, Section 4 summarises the main findings, limitations,
and directions for future work.

II. MATERIALS AND METHODS

A. Materials

Many factors influence air quality, and in the work of Ulpiani
et al. [13] 362 cities were examined. Besides the standard
factors that affect air quality, the authors emphasise that the
socio-economic situation of the examined cities is a difficult
challenge. This is additionally confirmed in the work of Aini
et. Al [14], as hedonic motivation is deducted as the highest
affecting factor in behavioural intention to use, with a focus on
technological readiness. The data was collected from 371
participants, with reporting of basic demographics of the
participants.

The Internet of Things (IoT) will clearly play a vital role in the
prediction and detection of air quality [15]. This technology
not only allows for the collection of more data but also
increases the precision of the measurements as more data
points can be evaluated, resulting in better coverage of the
affected area of pollution. The advancements in the measuring
devices are explored by Shahid et al. [16], highlighting the
importance of pollutant sensor design techniques and IoT
technologies in the detection of gases such as NHs, CO:, H-S,
Radon, and NO:. The study concludes that the PM and CO:
levels are high in living environments.

The prediction of air quality poses one of the key factors in
improving heating, ventilation and air conditioning energy
consumption. Long short-term memory model-based solution
was proposed by Sha et al. [17] to solve this problem and
improve thermal comfort and indoor air quality. The quality of
air indoors has been somewhat neglected in comparison to
outdoor air quality. The airborne transmission and
antimicrobial resistance indoors are explored in the work of
Correia et al. [18], while CO: levels at daycare centres and
ventilation methods are explored by Lee et al. [19].

C. Methods

Descriptive statistical analysis was performed in order to
summarise the distribution and variability of monitored
environmental parameters across residential
microenvironments. Standard descriptive measures, including
mean, median, standard deviation, minimum, maximum, and
quartiles, were calculated for each monitored parameter. These
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statistical indicators were evaluated separately for Room 1,
Room 2, and the outdoor environment, enabling a comparative
assessment of pollutant concentrations and environmental
conditions across different locations.

In addition to location-based comparison, descriptive statistics
were examined across low-occupancy and high-occupancy
periods in order to investigate differences in temporal
variability —and pollutant behaviour under varying
environmental conditions.

Correlation analysis was used as the central analytical method

for  investigating  relationships  between  pollutant
concentrations and  environmental parameters. Since
environmental variables rarely behave independently,

correlation analysis provides a useful approach for identifying
interaction patterns and understanding how pollutant behaviour
changes under different environmental conditions.

Due to the non-Gaussian nature of indoor air quality
measurements, the presence of nonlinear relationships, and
robustness requirements against outliers commonly observed
in environmental data, Spearman rank correlation coefficients
were selected as the primary statistical metric. Compared to
Pearson correlation, Spearman correlation is more suitable for
environmental time-series analysis because it evaluates
monotonic relationships and demonstrates greater robustness
to irregular distributions and extreme observations frequently
present in residential air quality measurements.

To investigate the influence of human occupancy on indoor air
quality dynamics, both cross-room correlation and
indoor—outdoor fluctuation statistical analyses were performed
using hourly measurements collected from two indoor
residential microenvironments and one outdoor monitoring
location. Cross-room correlation matrices were generated
between variables recorded in Room 1 and Room 2, while
outdoor measurements were used as a reference for assessing
the relative stability and temporal consistency of indoor air
dynamics across environments.

To estimate the influence of human occupancy (anthropogenic
factor) on indoor pollutant dynamics, the relative change in
cross-room correlation strength between occupied and
unoccupied periods was analysed. The approach is based on
comparative correlation analysis, in which the unoccupied
period serves as a baseline for a more stable indoor
environment. The percentage change in synchronisation was
calculated as:

r r
unoccupied — ~ occupied

x 100

Ar(%)

unoccupied

where r

_represents the correlation coefficient during
unoccupied

the unoccupied period, r and represents the correlation

occupied
coefficient during human occupancy. Higher values of Ar
indicate stronger occupancy-induced disturbance of pollutant
synchronisation between residential microenvironments.



Outdoor measurements were additionally analysed in order to
provide a reference for evaluating the relative stability of
indoor air dynamics under different occupancy conditions.
Rather than focusing on direct indoor—outdoor concentration
relationships, the comparison was used to examine differences
in temporal variability and fluctuation behaviour between
residential indoor environments and the outdoor atmosphere.

The analysis included a comparative evaluation of PMI,
PM2.5, PM10, CO:, and VOC concentration dynamics across
indoor and outdoor environments during the monitored period.
Temporal concentration patterns, fluctuation intensity, and
short-term variability were examined in order to compare the
relative stability of indoor and outdoor environments and to
assess the influence of occupancy-related activities on indoor
air dynamics.

Time-series plots were used to observe temporal fluctuations in
pollutant concentrations and identify periods characterised by
increased variability or stabilisation of pollutant dynamics.

Several visualisation techniques were used to support the
interpretation of pollutant variability and environmental
relationships across residential microenvironments. Correlation
heatmaps were generated to provide a visual overview of
relationships between monitored parameters and to compare
pollutant interaction structures across Room 1 and Room 2.

I11. EXPERIMENTAL SETUP AND RESULTS

A. Experimental Setup

The experimental analysis was conducted using the
AirClair Indoor/Outdoor Air Quality Dataset collected from
two residential indoor microenvironments (Room 1 and Room
2) and one outdoor monitoring location. The dataset used in
this study was obtained from a previously published
experimental campaign and is referenced accordingly [20].

The dataset contains measurements organised according to
monitoring location, temporal aggregation level, and data
category. Available files included measurement data, quality
control (QC) outputs, and validity mask files generated
through previously established wvalidation procedures.
Although both hourly and daily aggregated QC files were
available, the present analysis was performed using hourly
measurements in order to preserve temporal variability and
enable detailed investigation of pollutant dynamics across
monitored environments.

The experimental analysis focused on three hourly aggregated
files: rooml hourly.csv, room2_hourly.csv, and
outdoor hourly.csv. The monitored variables included
temperature, relative humidity, atmospheric pressure, PM1,
PM2.5, PM10, CO:, and VOC across all monitored locations.

Prior to the statistical analysis, quality control information
provided within the dataset was examined in order to assess
temporal completeness and measurement validity. Coverage
matrices were generated to visually inspect sensor reliability

and identify periods characterised by stable and consistent
measurements. This step enabled verification of dataset
consistency and supported the selection of representative
intervals for further analysis.

Following the exploratory assessment, temporal pollutant
behaviour was examined in order to identify occupancy-related
patterns within indoor environments. A prolonged interval
characterised by reduced CO: concentrations and
comparatively stable pollutant fluctuations was identified and
interpreted as a low-occupancy period. Based on these
observations, the dataset was divided into low-occupancy and
high-occupancy regimes, enabling comparative analysis of
pollutant behaviour under different levels human activity.

The experimental workflow consisted of several analytical
stages. First, cross-room correlation matrices were generated
between Room 1 and Room 2 in order to investigate pollutant
synchronisation between indoor residential
microenvironments. Indoor—outdoor = comparisons  were
subsequently performed to evaluate differences between
indoor pollutant dynamics and external environmental
conditions.  Separate analyses were conducted for
low-occupancy and high-occupancy periods in order to assess
how human presence influenced pollutant relationships across
monitored environments.

Finally, comparative visualisations and correlation difference
analyses were generated to quantify occupancy-driven changes
in pollutant synchronisation and summarise variations in
environmental behaviour across monitored parameters.

B. Results
Starting the exploratory analysis,
information provided within the dataset was first examined in

the quality control
order to identify the most representative portion of data for
further research. To support this process, an air pollutant
coverage matrix, as pictured in Fig. 1, was generated for the
complete duration of the experiment. Based on both the visual
inspection of the dataset and an algorithm to determine the
longest continuous interval without invalid sensor outputs, the
period between July 22 and August 12, 2025, was initially
interval.
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Fig. 1. Air pollutant coverage matrix based on QC data
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However, further analysis of the collected measurements
revealed patterns that challenged this initial assumption. Upon
closer inspection of the temporal pollutant dynamics, the
selected interval exhibited significantly reduced fluctuations
compared to periods closer to the beginning and end of the
measurement campaign.

As shown in Fig. 2, pollutant concentrations during this
interval remained comparatively stable, with noticeably lower
variability and weaker dynamic behaviour. Based on these
observations, the dataset was divided into two distinct regimes:
a “high-activity” period and a “low-activity” period. The
low-activity period was identified as the interval between July
22 and August 11 for the monitored indoor spaces.
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Fig. 2. Hourly PM and CO: value graph for room 1

The reduced variability and stabilisation of pollutant dynamics
during this period suggest the absence of significant human
presence within the residential environment. Establishing this
distinction was essential for evaluating the influence of human
occupancy on indoor air quality dynamics and pollutant
correlation behaviour.

The analysis further focused on determining cross-room
correlations for the observed air quality indicators during both
regimes. Since the monitored rooms belong to the same
residential environment, differing primarily in the intensity and
type of human activity, comparing their pollutant dynamics
provides insight into the influence of occupancy on indoor air
behaviour. During the low-activity period, the correlations
shown in Fig. 3 indicate a highly synchronised and stable
indoor system. Observed parameters exhibited coefficients
1.0,
behaviour between the two monitored rooms. This strong

approaching suggesting nearly identical temporal
synchronisation implies that, in the absence of significant
human interference, indoor pollutant dynamics remain highly

stable and spatially consistent throughout the residential space.
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Fig. 3. Cross-room correlation matrix for the low-occupancy period

In contrast, the high-activity period Fig. 4 exhibited a
noticeable reduction in correlation strength between the rooms,
that

variability and localised disturbances into indoor air dynamics.

indicating human presence introduces additional
Unlike the low-activity regime, where pollutant fluctuations
followed nearly identical temporal patterns across monitored
spaces, the occupied period demonstrated increasingly
independent behaviour between the rooms. This suggests that
occupancy-driven processes and localised emission sources
begin to dominate the indoor environment during periods of
human presence. Activities such as movement in the space,
particle resuspension, breathing, ventilation, and the use of
household products likely contribute to these disturbances,
resulting in  less

synchronised  pollutant  dynamics
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The observed
pronounced for VOC and CO: concentrations, both of which

reduction in synchronisation was most
are strongly associated with human occupancy and short-term
indoor emission sources. Particulate matter indicators PMI,
PM2.5, and PM10 also exhibited noticeable decreases in
correlation strength, indicating increased spatial variability
caused by human movement and particle redistribution. In
comparison, environmental parameters such as temperature
and pressure remained comparatively stable, suggesting that
they are less sensitive to short-term occupancy-related

disturbances.

Drawing upon this analysis, the relative influence of
anthropogenic factors on indoor air dynamics was estimated
based on the experimentally observed reduction in cross-room
pollutant synchronisation during occupancy periods. The
percentage changes presented in Table 2 indicate that different
pollutant groups respond to human presence with varying
intensity, depending on their dominant indoor sources and

transport mechanisms.

TABLE II. Anthropogenic factor influence on monitored variables

Variable r_unoccupied r_occupied Anfte?crt?rng: )n ic
T 1.000000 0.916500 8.350000
RH 1.000000 0.770800 22.920000
P 1.000000 0.982300 1.770000
PM 1 1.000000 0.737300 26.270000
PM 2.5 1.000000 0.729300 27.070000
PM 10 1.000000 0.725300 27.470000
co2 1.000000 0.638700 36.130000
VOC 1.000000 0.495500 50.450000

While environmental parameters exhibited only minor changes

in correlation behaviour, pollutant-related indicators
demonstrated substantially larger reductions in synchronisation
between the monitored rooms. These findings suggest that
human occupancy significantly alters the temporal stability and
interaction patterns of indoor pollutants, transforming the
indoor environment from a highly synchronised system into a
considerably more dynamic and spatially heterogeneous

microenvironment

The with further
emphasises the increased instability of indoor air dynamics

comparison outdoor measurements
during periods of human occupancy. As shown in Fig. 6,
outdoor pollutant concentrations generally exhibited smoother

temporal behaviour and more gradual fluctuations throughout
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the measurement
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Fig. 5. Hourly PM and CO: value graph for the outdoor

In contrast, indoor environments demonstrated significantly
sharper peaks, rapid concentration changes, and stronger
short-term variability, particularly for particulate matter and
CO:-
comparatively consistent over time, occupied indoor spaces

concentrations. While outdoor conditions remained
displayed highly dynamic behaviour driven by localised
anthropogenic factors and occupancy-related activities. These

suggest that
disturbances into indoor pollutant dynamics,

observations human presence introduces

substantial
causing the indoor environment to behave as a considerably
more variable and less synchronised system compared to the
relatively stable outdoor atmosphere.

Iv. CoNCLUSION

Indoor air quality represents an increasingly important
environmental and public health concern due to the substantial
amount of time individuals spend within residential
environments. Unlike outdoor atmospheric conditions, indoor
air dynamics are strongly influenced by occupancy-related
activities, localised pollutant sources, and environmental
variability, making continuous monitoring and analysis
essential for understanding long-term exposure patterns and
maintaining healthy living conditions. In this context, the
present study investigated temporal variability and correlation
patterns of indoor and outdoor air quality parameters across
residential ~ microenvironments  using the  AirClair
Indoor/Outdoor Air Quality Dataset.

The obtained results indicate that indoor pollutant dynamics
exhibit substantially greater variability compared to outdoor
conditions, particularly during periods associated with
increased human presence. While pollutant behaviour
remained highly synchronised between indoor spaces during
low occupancy, increased occupancy introduced localised
disturbances and reduced correlation strength across multiple
environmental parameters. The strongest occupancy-related
effects were observed for VOC and CO: concentrations,
whereas temperature and atmospheric pressure remained
comparatively stable.



Overall, the findings suggest that human activity represents an
important factor influencing pollutant interactions and
environmental  heterogeneity in  residential  indoor
environments. Future work may include the incorporation of
additional contextual information, such as ventilation status
and occupancy records, in order to improve the interpretation
of indoor pollutant behaviour and support a more
comprehensive assessment of residential air quality. From a
practical perspective, regular ventilation, reduction of indoor
pollutant sources, and complementary measures such as indoor
vegetation may contribute to improving both residential air
quality and long-term occupant well-being.
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