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Abstract

Hospital pathology laboratories represent challenging healthcare environments for Indoor
Air Quality (IAQ) management due to the coexistence of hazardous chemical emissions,
transient pollutant peaks, and stringent ventilation requirements. This study proposes an
integrated data-driven framework for IAQ assessment and predictive ventilation man-
agement based on a high-resolution monitoring campaign conducted over 17 calendar
days in a pathology grossing room (V = 113.90 m?®) and an adjacent chemical storage
room (V = 56.03 m?). The monitoring system generated 4356 synchronized 1-min obser-
vations, of which 4232 complete multivariate records were retained after data-quality
screening. The proposed methodology combines three complementary analytical layers:
(i) predictive modelling of pollution episodes using supervised machine learning architec-
tures; (ii) multivariate anomaly detection to identify atypical environmental states; and
(iii) temporal dependency analysis based on Granger causality and Bayesian networks
to investigate predictive relationships between occupancy-related indicators, ventilation
behaviour, and pollutant evolution. This integrated framework enables the transition
from descriptive IAQ assessment toward predictive environmental management in health-
care facilities. Baseline statistical diagnostics demonstrated the limited capability of
conventional linear approaches, with an Ordinary Least Squares (OLS) model explain-
ing only 7.4% of TVOC variability (R? = 0.074). Ventilation assessment identified an
approximately 38% deficit relative to the selected ASHRAE 170 ventilation requirement
in the monitored grossing room. Among the evaluated predictive models, Random Forest
achieved the highest test-set performance (R? = 0.78; MAE = 10.5 ppb), enabling short-term
forecasting of TVOC evolution. Isolation Forest identified 212 atypical environmental
states, corresponding to 5.01% of the valid analytical observations, with substantially
higher TVOC concentrations than under normal operating conditions. The proposed
framework establishes a transferable methodology for predictive IAQ assessment and
ventilation management in chemically intensive healthcare facilities, providing decision-
support information for risk-informed HVAC operation within existing regulatory and
ventilation requirements.
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1. Introduction

Healthcare facilities constitute particularly demanding indoor environments from
the perspective of Indoor Air Quality (IAQ) management because they simultaneously
accommodate vulnerable patients, healthcare personnel, visitors, and a wide variety of
medical activities. Unlike conventional commercial or residential buildings, hospitals oper-
ate continuously and contain spaces with markedly different environmental requirements,
including operating theatres, intensive care units, isolation rooms, pharmacies, diagnostic
facilities, and laboratories.

1.1. Literature Review

Adequate ventilation is a fundamental determinant of indoor environmental quality
in healthcare facilities. Previous studies have associated insufficient ventilation with
adverse health outcomes, reduced perceived air quality, and increased risk of airborne
contaminant transmission. Sundell et al. concluded that inadequate ventilation is consis-
tently associated with adverse health outcomes and increased prevalence of respiratory
symptoms, emphasizing the importance of maintaining adequate air exchange rates in
occupied environments [1]. Similarly, Seppénen et al. identified significant relationships
between ventilation rates, perceived air quality, and occupant performance, demonstrat-
ing that environmental conditions directly affect human wellbeing and productivity [2].
Li et al. highlighted the role of ventilation in mitigating airborne disease transmission
and identified airflow management as a critical component of infection control strategies
in healthcare facilities [3]. Consequently, IAQ management in healthcare buildings has
evolved from a comfort-related issue into a multidisciplinary engineering challenge involv-
ing ventilation design, environmental monitoring, occupational hygiene, and healthcare
risk management.

Numerous monitoring campaigns conducted in healthcare facilities have revealed
substantial spatial and temporal variability in indoor pollutant concentrations. Inves-
tigations performed in hospitals worldwide have consistently reported the presence of
particulate matter, carbon dioxide, volatile organic compounds (VOCs), biological contam-
inants, and environmental stressors whose concentrations vary according to occupancy,
clinical activities, cleaning procedures, ventilation effectiveness, and outdoor environ-
mental conditions [4-8]. Several authors observed that PM; 5 and PM7g concentrations
may exceed recommended limits in highly occupied areas, while VOC concentrations
often exhibit strong dependence on operational activities rather than occupant density
alone [4-7]. These observations demonstrate that hospital IAQ results from the interaction
of multiple pollutant sources whose behavior cannot be adequately represented through
isolated measurements or steady-state assumptions.

Despite the growing availability of monitoring data, most hospital IAQ studies remain
fundamentally descriptive. Existing investigations primarily focus on pollutant characteri-
zation, compliance assessment, and comparison against regulatory thresholds [4-10]. While
these approaches provide valuable information regarding environmental performance,
they offer limited capability for anticipating pollution episodes or supporting proactive
ventilation management. Several authors have highlighted that short-duration pollution
events may represent a significant fraction of total occupational exposure despite having
limited influence on long-term average concentrations [9,10]. Consequently, environmental

https:/ /doi.org/10.3390/app16189152


https://doi.org/10.3390/app16189152

Appl. Sci. 2026, 16,9152

30f26

management strategies based exclusively on threshold exceedance analysis may under-
estimate the complexity of pollutant dynamics in healthcare facilities. More importantly,
threshold-based monitoring remains fundamentally reactive: an operational response is
triggered only after an undesirable environmental state has already occurred. For chem-
ically intensive environments, this limitation provides a clear motivation for predictive
approaches capable of forecasting pollutant evolution before concentration thresholds
are exceeded.

Among healthcare facilities, pathology laboratories represent one of the most challeng-
ing environments for JAQ management because airborne contamination is strongly influ-
enced by chemical emissions generated during routine laboratory procedures. Grossing
rooms, in particular, are characterized by the manipulation of preserved biological speci-
mens and the use of reagents such as formaldehyde, xylene, alcohols, and staining products.
Dugheri et al. identified pathology and anatomy laboratories as occupational environments
with persistent exposure to airborne chemical contaminants despite the implementation
of local extraction systems and general ventilation measures [11]. Similarly, Soonklang
et al. reported that occupational exposure to formaldehyde may generate carcinogenic
risks exceeding recommended thresholds under certain operational conditions [12]. These
findings demonstrate that pollutant dynamics in pathology laboratories are governed not
only by occupancy but also by highly localized and intermittent emission sources.

Formaldehyde remains one of the most widely used tissue fixatives in pathology
practice due to its effectiveness in preserving biological structures. However, it has also
been classified as a human carcinogen and is associated with respiratory irritation, mucosal
damage, sensitization, and long-term health risks [11-14]. Several investigations have
demonstrated that formaldehyde rarely appears as an isolated contaminant and typically
coexists with complex VOC mixtures originating from solvents, disinfectants, cleaning
products, and laboratory reagents [13-15]. Consequently, pathology laboratories should
be regarded as chemically dynamic environments in which pollutant concentrations may
be governed by intermittent source activity, chemical storage and handling, local exhaust
operation, and contaminant persistence. Under these conditions, CO, can remain a useful
occupancy-related indicator but cannot be assumed to represent chemical exposure.

Ventilation systems constitute the primary engineering control strategy for reduc-
ing airborne contaminant concentrations in pathology laboratories. Healthcare standards
such as ASHRAE Standard 170 establish minimum requirements regarding ventilation
rates, pressure differentials, filtration systems, and airflow direction to ensure adequate
contaminant control [16]. However, several studies have demonstrated that compliance
with nominal air-change rates alone does not necessarily guarantee effective contaminant
removal [17-22]. Airflow organization, thermal stratification, contaminant source location,
and local extraction effectiveness may significantly influence pollutant transport and occu-
pant exposure. Ventilation performance should be evaluated through design parameters,
but also through its actual ability to remove contaminants from occupied zones. Local
exhaust ventilation must therefore be considered jointly with general room ventilation and
pressure control when evaluating contaminant removal.

Computational Fluid Dynamics (CFD) studies have considerably improved the un-
derstanding of contaminant transport mechanisms in healthcare facilities. Yam et al.
demonstrated that different diffuser arrangements may generate substantially different
contaminant distributions despite operating at identical ventilation rates [19]. Zhou et al.
investigated contaminant accumulation in thermally stratified environments and observed
the formation of pollutant lock-up regions that reduce ventilation effectiveness [21]. Simi-
larly, Inthavong et al. reported that local airflow structures around occupants significantly
influence inhalation exposure mechanisms [22]. These studies indicate that contaminant
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transport in healthcare environments is governed by complex interactions among airflow
patterns, thermal effects, occupancy, and source characteristics.

The rapid development of low-cost sensors, wireless communication technologies,
cloud computing infrastructures, and Internet of Things (IoT) platforms has transformed
environmental monitoring practices during the last decade [23-27]. Continuous monitoring
systems now enable the acquisition of high-resolution environmental datasets capable
of capturing transient pollutant episodes and complex temporal dynamics that remain
undetected in conventional inspection-based approaches. Several authors have emphasized
that sensor networks constitute a key enabling technology for intelligent building operation,
providing the data infrastructure required for advanced environmental analytics and
evidence-based decision-making [23-27].

The availability of high-frequency environmental datasets has also promoted the
application of machine-learning methods to IAQ prediction. Random Forest, Gradient
Boosting, artificial neural networks, and recurrent architectures have been used to model
nonlinear relationships between environmental variables and to forecast pollutant concen-
trations. Compared with conventional linear approaches, these models can accommodate
interactions, temporal persistence, and asymmetric concentration distributions. However,
most published IAQ forecasting studies have focused on offices, classrooms, residential
environments, or occupancy-related pollutants [28]. Amasyali and El-Gohary similarly
reported a rapid expansion of machine learning applications in building energy analysis
and operational optimization [29]. These methodologies have demonstrated the capa-
bility to capture complex non-linear relationships that are difficult to represent through
conventional statistical approaches.

Recent research has increasingly focused on hybrid and ensemble machine learning
frameworks capable of combining the strengths of multiple predictive algorithms. Salem
et al. proposed a hybrid ensemble architecture integrating ANN, Random Forest, XGBoost,
Radial Basis Function Networks, Autoencoders, and Decision Trees to improve long-term
energy forecasting and decarbonization assessment in buildings [30]. Similarly, ensemble-
based methodologies have been successfully applied to hospitality buildings, residential
buildings, and smart energy systems, achieving superior predictive performance compared
with standalone machine learning models [31-33]. These findings suggest that hybrid
architectures provide a promising pathway for improving prediction robustness in complex
building datasets characterized by multiple interacting variables.

Beyond short-term forecasting applications, machine learning has increasingly been
employed to support strategic energy planning and long-term sustainability assessments.
Recent investigations have demonstrated that hybrid AI-LSTM frameworks can successfully
predict future energy demand trajectories and associated CO; emissions under different
operational scenarios [30-34]. Comparative analyses between conventional buildings and
nearly Zero Energy Buildings (nZEBs) revealed substantial differences in long-term energy
sensitivity and decarbonization potential, highlighting the value of predictive analytics
for supporting evidence-based decision-making [30]. Although these approaches have
primarily been applied to energy systems, they illustrate the potential of advanced data-
driven methodologies for managing complex environmental processes.

Machine-learning applications to IAQ have increasingly addressed occupancy estima-
tion, CO; forecasting, particulate-matter prediction, and demand-controlled ventilation.
However, most studies have been conducted in offices, classrooms, residential buildings,
or other environments in which occupancy represents a major determinant of pollutant
generation. Chemically intensive pathology laboratories present a different prediction
problem because TVOC concentrations may be driven by intermittent reagent use, lo-
calized emissions, storage, ventilation operation, and pollutant persistence. Therefore,
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predictive relationships developed primarily from occupancy-driven environments cannot
be assumed to transfer directly to pathology laboratories [35-38].

As environmental monitoring systems generate increasingly large and complex
datasets, identifying abnormal operating conditions has emerged as a critical challenge for
building management. Conventional alarm-based approaches typically rely on predefined
thresholds established for individual variables. However, environmental disturbances
frequently arise from the simultaneous interaction of multiple factors whose combined
behavior may remain undetected when variables are analysed independently. To overcome
these limitations, researchers have increasingly adopted anomaly detection methodologies
capable of identifying atypical patterns in multidimensional datasets. Several studies have
demonstrated that unsupervised learning algorithms such as Isolation Forest, clustering
techniques, Principal Component Analysis (PCA), Autoencoders, and deep learning ar-
chitectures can successfully detect abnormal operational states in HVAC systems, energy
networks, and smart buildings [39-43]. Unlike threshold-based methods, these approaches
evaluate the joint behaviour of environmental variables, allowing the identification of un-
usual conditions that may not correspond to exceedances of any individual parameter. Such
capabilities are particularly relevant for pathology laboratories, where pollutant episodes
often result from complex interactions among ventilation conditions, operational activities,
and localized chemical emissions.

Several authors have emphasized that environmental risk cannot always be adequately
characterized using concentration thresholds alone. In complex indoor environments, po-
tentially hazardous conditions may emerge from transient combinations of temperature,
humidity, ventilation performance, occupancy, and pollutant concentrations even when in-
dividual variables remain within acceptable ranges [40—-44]. Recent applications of Isolation
Forest and multivariate anomaly detection techniques have demonstrated the capability to
identify environmental disturbances, sensor faults, operational anomalies, and ventilation
deficiencies that remain invisible to traditional monitoring approaches [41-43]. This shift
from univariate compliance assessment towards multivariate environmental diagnosis
represents an important evolution in building analytics because it enables the detection
of abnormal states before they develop into critical operational conditions. Despite these
advances, applications of anomaly detection to healthcare laboratories remain scarce, par-
ticularly in environments characterized by intermittent chemical emissions and rapidly
changing pollutant dynamics.

Environmental systems are inherently dynamic, and pollutant concentrations often
depend not only on current operating conditions but also on previous environmental
states. Consequently, understanding temporal relationships among environmental vari-
ables is essential for interpreting pollutant evolution and supporting proactive management
strategies. Granger causality provides a statistical framework for testing whether past
information from one time series improves prediction of another time series beyond the
information contained in its own history. Importantly, statistical Granger causality indi-
cates temporal predictive precedence and should not, by itself, be interpreted as evidence
of physical or mechanistic causation [44]. Subsequently, Sims expanded these concepts
through multivariate autoregressive frameworks capable of analysing complex interactions
among multiple variables simultaneously [45]. More recently, causal analytics have been
applied to environmental monitoring, energy systems, and building operation to investi-
gate predictive dependencies that extend beyond conventional correlation analysis [46-48].
Unlike standard statistical associations, temporal causality approaches provide information
regarding the directionality of predictive relationships, thereby contributing to a more
comprehensive understanding of environmental dynamics.
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In healthcare environments, pollutant concentrations are influenced by multiple inter-
acting factors including occupancy patterns, ventilation behavior, outdoor conditions, and
operational activities. While several studies have reported statistical correlations among
these variables, relatively few investigations have explored their temporal interactions
using causal inference methodologies [46—49]. This limitation is particularly evident in
pathology laboratories, where pollutant emissions frequently originate from short-duration
laboratory procedures rather than from continuous occupancy-related processes. Conse-
quently, understanding whether occupancy indicators precede pollutant accumulation,
whether ventilation responses effectively mitigate concentration peaks, or whether environ-
mental variables interact through delayed mechanisms remains an open research question.
Temporal causality analysis offers a promising framework for addressing these challenges
by identifying directional predictive dependencies and characterizing delayed relationships
among environmental variables.

The increasing availability of environmental monitoring data, combined with ad-
vances in machine learning and building analytics, has accelerated the transition from
reactive building operation towards predictive management strategies. Traditional ven-
tilation systems are typically designed to maintain fixed operating conditions based on
conservative assumptions regarding occupancy and contaminant generation. While this
approach ensures regulatory compliance, it may result in suboptimal performance under
highly dynamic environmental conditions. Recent developments in predictive control,
intelligent HVAC operation, and demand-controlled ventilation have demonstrated the
potential of data-driven methodologies to anticipate environmental changes and optimize
system responses [50-53]. Nevertheless, most existing implementations rely primarily
on occupancy-related indicators such as CO; concentrations, limiting their applicability
in environments where pollutant generation is dominated by chemical emissions rather
than human presence. Pathology laboratories therefore constitute an ideal testbed for
evaluating predictive ventilation methodologies capable of integrating pollutant forecast-
ing, environmental diagnosis, and operational decision support. Any predictive control
layer considered for such spaces should operate in addition to, and not in substitution for,
mandatory minimum ventilation, containment, and pressure-control requirements.

The convergence of Building Management Systems (BMS), Internet of Things (IoT)
infrastructures, advanced sensing technologies, and artificial intelligence is driving the tran-
sition towards Smart Healthcare Buildings capable of continuously adapting their operation
to changing environmental conditions. Within this context, Digital Twin frameworks have
emerged as a promising approach for integrating real-time monitoring, predictive analyt-
ics, and operational decision support into a unified cyber-physical environment. Recent
studies have demonstrated that Digital Twins can enhance HVAC management, optimize
energy consumption, improve fault detection capabilities, and support predictive mainte-
nance strategies through the continuous synchronization of physical and virtual building
assets [53-55]. The integration of environmental sensing and predictive analytics also pro-
vides a potential basis for future BMS and Digital Twin applications. However, predictive
IAQ implementation in chemically intensive healthcare spaces remains limited [26,27,52].

The literature therefore reveals three relevant limitations. First, most pathology-laboratory
IAQ investigations remain primarily descriptive or exposure-oriented rather than predictive.
Second, IAQ forecasting studies have largely focused on occupancy-driven environments rather
than spaces characterized by intermittent chemical emissions. Third, predictive modelling,
multivariate anomaly detection, ventilation assessment, and temporal dependency analysis are
generally investigated independently. To the authors” knowledge, their combined application to
high-resolution monitoring data from a hospital pathology laboratory has not previously been
systematically evaluated.
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1.2. Contributions

To address these limitations, this study develops an integrated data-driven framework
for IAQ assessment and predictive ventilation management in hospital pathology labora-
tories. The framework combines: (i) supervised machine-learning models for short-term
TVOC forecasting; (ii) multivariate anomaly-detection methods for identifying atypical
environmental states; and (iii) temporal dependency analysis based on Granger causality
and Bayesian networks. The methodology is evaluated using high-temporal-resolution
measurements obtained from a pathology grossing room and an adjacent chemical storage
room. The principal contribution lies in integrating forecasting, diagnosis, ventilation
assessment, and temporal interpretation within a common framework specifically applied
to a chemically intensive healthcare environment.

2. Materials and Methods
2.1. Environmental Setting and Regulatory Framework

The experimental campaign was conducted in the pathology department of a ter-
tiary healthcare facility. Two adjacent functional areas were monitored: (i) a pathology
grossing room (V = 113.90 m?®), where tissue examination and reagent-handling activities
were routinely performed and which constituted the primary chemical-emission source
zone; and (ii) an adjacent chemical storage room (V = 56.03 m3), used for reagent storage
and considered as a secondary area for comparative environmental analysis. The two
monitored areas presented different ventilation and operational conditions. In the pathol-
ogy grossing room, general mechanical ventilation operated in combination with local
exhaust ventilation (LEV) associated with the grossing activities. The measured airflow
rate was approximately 817 m®-h~! with the local exhaust hoods inactive and increased
to 1057 m3-h~! when the hoods were operating, corresponding to 7.2 and 9.3 ACH, re-
spectively. The measured pressure differential in this room was approximately —2 Pa. In
the adjacent chemical storage room, the measured ventilation airflow was approximately
840 m3-h~!, corresponding to 15.0 ACH, while the pressure differential remained close
to 0 Pa under the monitored conditions. Windows in the storage room were frequently
opened during the monitoring campaign, which should be considered when interpreting
its pressure conditions. Accordingly, the two rooms were treated as distinct ventilation and
pollutant-source environments in the subsequent analysis.

Grossing rooms are classified as high-risk hospital spaces due to the routine use of
chemical agents such as formaldehyde and xylene and therefore require stringent ventila-
tion control strategies. According to ASHRAE Standard 170, these environments should
operate under dedicated ventilation conditions with restricted recirculation, a minimum
ventilation rate of 15 ACH, and negative pressurization relative to adjacent spaces to reduce
contaminant migration. Accordingly, the ventilation performance of the two rooms was
evaluated separately because they represent different ventilation regimes and pollutant-
source conditions, while the connecting doorway provides a potential pathway for inter-
room contaminant transfer when open.

2.2. Multi-Sensor Data Architecture

A high-resolution environmental monitoring network was deployed over a 17-calendar-
day campaign to capture short-term fluctuations in Indoor Air Quality (IAQ) and ventilation
behaviour. Data acquisition was performed during the laboratory monitoring and operational
periods rather than as uninterrupted 24-h recording throughout the entire campaign (Figure 1).
All environmental and operational data streams were recorded or synchronized at a common
temporal resolution of 1 min. Across the 17-day campaign, the monitored acquisition periods
yielded 4356 synchronized observations. Following the data-quality screening procedure
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described in Section 2.4, 4232 complete multivariate observations were retained for the sub-
sequent analytical stages. The monitoring framework comprised three groups of variables.
The first group included indoor air-quality parameters: total volatile organic compounds
(TVOC), formaldehyde (HCHO), carbon monoxide (CO), carbon dioxide (CO;), ozone (O3),
and nitrogen dioxide (NO,). The second group comprised the hygrothermal variables indoor
air temperature and relative humidity. The third group included ventilation and operational
parameters, namely airflow rate, pressure differential between monitored spaces, and the
operating status of the local exhaust ventilation (LEV) systems. Ventilation and operational
variables were obtained from direct measurements and from the facility supervisory control
system, as applicable. All measurement streams were subsequently synchronized to the
common 1-min temporal resolution used in the analytical dataset.

Figure 1. Equipment of IAQ, ventilation and pollution of particles in the Hospital. (a) environmen-
tal/TAQ monitoring device; (b) airflow measurement equipment used for ventilation characterization;

and (c) particle/environmental monitoring instrument.

Environmental sensors were positioned within the representative occupied zone of
each monitored space and away from direct contact with the pollutant source or ventilation
terminal, unless the measurement specifically concerned airflow or extraction performance.
Sensor locations were maintained unchanged throughout the monitoring campaign to
preserve spatial consistency. Airflow measurements were performed at the corresponding
ventilation terminals, while pressure measurements characterized the pressure relationship
between the monitored spaces.

Environmental measurements were temporally synchronized with available opera-
tional records, including documented reagent-handling periods and LEV activation se-
quences. Operational timestamps were matched to the nearest 1-min environmental record.

2.3. Ventilation Deficit Analysis

Ventilation performance was evaluated by comparing the measured operating condi-
tions with the design requirements and regulatory recommendations applicable to hospital
pathology facilities. The assessment considered airflow rates, Air Changes per Hour (ACH),
and pressure differentials for both monitored zones.

Air exchange rates were calculated according to:

Q
ACH = = 1
= M)
where Q represents the volumetric airflow rate (m3-h~1) and V is the room volume (m?).

The evaluation framework was benchmarked against ASHRAE Standard 170 criteria,

considering minimum ventilation rates and pressure control requirements for pathology
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grossing rooms. Table 1 summarizes the reference conditions and measured operating
parameters used in the analysis.

Table 1. Ventilation performance characterization of study zones.

Zone Volume (m®) Min. ACH Required Measufed Supply Pressure Differential
Airflow Status
1057 m3/h, hoods ON

Grossing Room

113.90 15 ACH (ASHRAE 170)  — 9.3 ACH; 817 m3/h,

-2 Pa measured; target

hoode OFF s 72 aCH  —10Pa. NOT ACHIEVED.

Storage Room

56.03 10 ACH

840 m3/h — 15.0 ACH ~0 Pa (windows
(compliant) frequently open)

The grossing room operated below the regulatory target ventilation rate, reaching a
maximum of 9.3 ACH under full hood operation. Relative to the ASHRAE requirement of
15 ACH, this represents a ventilation deficit of approximately 38%. Likewise, the measured
pressure differential (—2 Pa) remained below the target negative pressurization level
(—10 Pa), suggesting reduced containment capability and potential contaminant migration.

2.4. Data Preprocessing and Feature Engineering

The raw environmental dataset underwent a preprocessing workflow prior to predic-
tive modelling and anomaly detection to ensure temporal consistency and improve feature
representativeness. The preprocessing stage included synchronization of all environmental
and operational variables at a unified sampling interval of 1 min, matching pollutant con-
centrations, hygrothermal variables, ventilation states, and operational laboratory events.

Missing observations and sensor inconsistencies were evaluated before analysis.
Records containing missing values in any of the variables required for the multivariate
analysis, incomplete temporal synchronization, duplicated timestamps, or invalid sensor
readings were excluded prior to model development. No synthetic values were introduced
for observations lacking complete multivariate information. From the initial 4356 synchro-
nized records, 124 observations did not satisfy the completeness and consistency criteria,
resulting in a final analytical dataset of 4232 valid observations. Environmental streams
were temporally aligned with operational records, including local exhaust ventilation
(LEV) activation periods and reagent-handling activities. This synchronization enabled
the reconstruction of dynamic cause—effect relationships between ventilation behavior and
pollutant evolution.

Given the transient nature of VOC emissions in pathology environments, feature
engineering was implemented to capture temporal persistence, delayed responses, and
short-term escalation phenomena. Four complementary feature families were generated:

e Rolling statistical descriptors: moving mean, standard deviation, minimum, maximum,
and local trend slope calculated over temporal windows of 5, 15, and 30 min to
represent local pollutant accumulation dynamics.

e Lagged variables: delayed states (t — 1,t — 2, t — 5 and t — 10) were incorporated for
each environmental parameter to account for chemical residence effects and delayed
ventilation response.

e  Temporal derivatives: first-order variations (ATVOC, ACO, ACO,, AT and ARH)
were computed to identify abrupt environmental transitions and early pollution
escalation processes.

e  Cyclical temporal encodings: sinusoidal and cosine transformations of hour-of-day
and day-of-week variables were included to represent periodic operational behavior
associated with laboratory activity.

https:/ /doi.org/10.3390/app16189152
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Interaction terms between environmental variables (e.g., T x RH and CO x COy)
were additionally generated to capture coupled effects not observable through univariate
descriptors. The resulting feature space was subsequently used as input for predictive
modelling and anomaly detection analyses.

2.5. Environmental Data Integration Framework

The analytical workflow was built upon a multi-source environmental integration
architecture combining monitored variables, ventilation parameters, and operational in-
formation from the pathology laboratory. This approach enabled the contextualization of
pollutant behavior beyond isolated sensor measurements.

The integration framework incorporated three complementary information layers:

e  Environmental layer: continuous monitoring of pollutant concentrations (TVOC,
HCHO, CO, CO,, O3 and NO,) together with hygrothermal conditions (temperature
and relative humidity).

e  Ventilation layer: engineering parameters describing airflow distribution and contain-
ment performance, including room volumes, measured airflow rates, calculated ACH
values, and pressure differential measurements.

e  Operational layer: synchronization with laboratory activity records and HVAC su-
pervisory signals, including reagent handling periods, local exhaust ventilation
(LEV) activation sequences, and ventilation operating states obtained from the
SCADA infrastructure.

This integration strategy enabled the correlation of transient pollutant events with ven-
tilation conditions and operational activities, supporting subsequent predictive modelling,
anomaly detection, and causality analyses.

2.6. Predictive Modelling Framework

To characterize and anticipate pollution dynamics in the pathology laboratory, a
predictive modelling framework based on supervised machine learning was developed.
The objective was to forecast future pollutant evolution and identify early indicators of
Indoor Air Quality (IAQ) degradation under transient operating conditions.

The predictive architecture was formulated as a regression problem, where future
Total Volatile Organic Compound (TVOC) concentrations constituted the target variable.
The modelling strategy incorporated both instantaneous environmental measurements
and engineered temporal descriptors to capture delayed pollutant responses and chemical
persistence effects.

Three machine learning families were comparatively evaluated:

e Random Forest (RF): selected due to its ability to capture nonlinear interactions,
robustness against outliers, and capacity to estimate feature importance.

e  Gradient Boosting models: considered because of their suitability for high-dimensional
tabular datasets and their capacity to model asymmetric pollutant distributions.

o  Long Short-Term Memory (LSTM) networks: incorporated to exploit temporal depen-
dencies and sequential pollutant accumulation behavior.

Conventional statistical baselines were additionally included for benchmarking pur-
poses, namely Ordinary Least Squares (OLS), persistence prediction, and moving-average
estimators. These baseline approaches were used to quantify the added value introduced
by nonlinear learning methods.

The predictive feature space incorporated the engineered descriptors described in
Section 2.4, including rolling statistics, lagged variables, temporal derivatives, interaction
terms, and cyclical encodings. Table 2 summarizes the implemented feature families and
their functional role within the modelling workflow.
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Table 2. Application of Predictive Models.

Feature Family

Examples Approx. Features Added Why It Matters

Mean, std, min, max, slope Captures local level,

Rolling Windows over 5,15, 30 min & variability, and trend
_ _ _ _ Represents short memory
Lagged Values t=1t-2t-5¢t—10for 20 and delayed

each variable ;
chemical response

Interaction Terms

Encodes compound
3+ conditions not visible in
single variables

T x RH, CO x CO,,
dCO,/dt x Temperature

Cyclical Time Encodings

sin/cos of hour-of-day; Captures recurring

4+

day-of-week laboratory activity patterns
. o ATVOC, ACO, ACO,, Represents. rap1?1 .escalatlon
First Derivatives AT ARH 5 dynamics critical for

early warning

Model performance was assessed using regression metrics including coefficient of
determination (R?), Mean Absolute Error (MAE), and Root Mean Square Error (RMSE).
Temporal validation was adopted to preserve chronological consistency and avoid informa-
tion leakage between training and evaluation periods. Feature scaling parameters, when
required for the LSTM model, were estimated exclusively from the training subset and
subsequently applied unchanged to the validation and testing subsets.

To enhance predictive power, the feature space was expanded (Table 2) including
rolling windows, lagged values, and cyclical time encodings.

2.7. Multivariate Anomaly Detection Framework

Given the multivariate and transient nature of pollutant dynamics in pathology labora-
tories, anomaly detection techniques were incorporated to identify atypical environmental
states that may remain undetected using conventional threshold approaches.

Unlike univariate monitoring strategies based on fixed limits, the proposed methodol-
ogy evaluates the joint behaviour of environmental variables, ventilation conditions, and
operational signals to identify deviations from normal operating states.

The anomaly detection workflow incorporated three methodological families:

o Isolation Forest (IF): selected as the primary algorithm due to its scalability and
capacity to isolate anomalous observations without assuming Gaussian distributions.

o  Local Outlier Factor (LOF): included to evaluate local-density deviations and contex-
tual anomalies.

e  Variational Autoencoder (VAE): considered to capture nonlinear latent representations
and reconstruction-based anomaly scores.

For comparison purposes, a conventional Z-score approach was included as a univari-
ate reference baseline.

The anomaly detection process generated an anomaly score for each observation,
allowing the classification of environmental states into normal and atypical operating
conditions. The methodology enabled the identification of pollutant episodes associated
with ventilation malfunctions, abnormal chemical emissions, or operational deviations.

Table 3 summarizes the anomaly detection methods and their implementation charac-
teristics.

https:/ /doi.org/10.3390/app16189152


https://doi.org/10.3390/app16189152

Appl. Sci. 2026, 16,9152 12 0f 26
Table 3. Method Multivariate Anomaly Detection.
Method Operating Principle Main Strengths for This Dataset =~ Key Hyperparameters
Anomalies isolate with fewer No normality assumption; Contamination rate;
Isolation Forest random splits in a scalable; native n_estimators;
tree ensemble multivariate scoring max_samples
. Compares local Detects contextual anomalies n_neighbors;
Local Outlier . S . ;
Factor (LOF) density to k-nearest invisible to global distance metric
neighborhood density density methods (Euclidean /Mahalanobis)
- Learns latent representation of Captures non-linear and Latent dimension;
Variational - i .
normal states; anomaly complex deviations; probabilistic ~encoder depth; 3 weight;
Autoencoder (VAE) . ..
score = reconstruction error anomaly score training epochs
Standardized distance from Simple baseline for univariate

Z-score Baseline

Threshold (+20 or +30)

univariate mean comparison only

2.8. Temporal Predictive Dependency Analysis

To complement predictive and anomaly analyses, temporal dependency methods were
applied to investigate whether past environmental states contained statistically significant
information for predicting subsequent TVOC evolution. Granger causality tests were ap-
plied to determine whether historical information from environmental variables improves
the prediction of future TVOC concentrations beyond the information contained in the
pollutant series itself.

The causality analysis was performed using lagged environmental streams includ-
ing temperature, relative humidity, and CO, concentration. Statistical significance was
evaluated through F-tests under different lag configurations.

In parallel, Structural Bayesian Networks were developed to characterize condi-
tional dependencies among environmental variables and support explanatory analysis of
pollutant behavior.

The integration of causality analysis with predictive modelling and anomaly detection
enabled the transition from descriptive IAQ assessment toward explainable environmen-
tal analytics.

3. Results and Discussion
3.1. Ventilation Performance and Baseline Environmental Assessment

The baseline environmental assessment revealed substantial differences between the
monitored areas regarding ventilation effectiveness and pollutant control. The grossing
room emerged as the critical zone due to its intensive chemical activity and reduced
ventilation performance relative to regulatory targets.

Figure 2 compares the measured Air Changes per Hour (ACH) with the design re-
quirements established for the monitored areas. Despite operating under full exhaust hood
activation, the grossing room reached a maximum ventilation rate of 9.3 ACH, remaining
below the 15 ACH requirement established by ASHRAE Standard 170. Relative to the
design target, this represents an approximate ventilation deficit of 38%.

In addition to reduced airflow performance, pressure control conditions also deviated
from the recommended containment requirements. The measured pressure differential
reached —2 Pa, remaining below the target negative pressurization level of —10 Pa required
for pathology laboratories. This reduction in containment performance may increase the
probability of contaminant migration during high-emission events.
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Figure 2. Comparison between measured and regulatory ACH values in monitored zones.

By contrast, the chemical storage room reached approximately 15 ACH, exceeding the
selected 10 ACH reference value. However, the measured pressure differential remained
close to 0 Pa under the monitored conditions.

3.2. Environmental Compliance and Temporal Behavior of Pollutants

Initial compliance assessment demonstrated different behaviors between occupancy-
related pollutants and chemically driven contaminants. CO, and CO concentrations re-
mained below the selected reference limits throughout the analysed periods. This indicates
that these conventional occupancy-related indicators did not signal substantial IAQ deterio-
ration, despite the ventilation deficit subsequently identified from airflow measurements.

However, deviations were identified for TVOC, temperature, and relative humidity,
which represented the main drivers of environmental non-compliance (Figure 3). These
results indicate that the observed IAQ deviations were not adequately represented by
occupancy-related indicators alone and were consistent with the presence of additional
chemically driven pollutant sources.

Compliance against selected IAQ / comfort criteria

100.0%

100.0%

95.5%

20 40 60 80 100

Compliance ratio (%)

Figure 3. Compliance ratios for IAQ and thermal comfort indicators.
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The temporal evolution of TVOC concentrations (Figure 4) exhibited higher concen-
trations during midday and early afternoon operational periods. Although this timing is
consistent with increased laboratory activity, the available data do not permit individual
concentration peaks to be unambiguously assigned to specific reagent-handling operations.

Mean diurnal pattern by hour
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=
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Figure 4. Mean diurnal evolution of TVOC concentration.

3.3. Diagnostic Statistical Assessment and Motivation for Nonlinear Analytics

To evaluate the suitability of conventional analytical approaches, a baseline statistical
diagnosis was performed prior to advanced modelling (Figure 5).

Line 1
Predictive models
RF, XGBoost,
LightGBM, LSTM

Raw IAQ dataset
356 time-stampe
observations

Integrated Big Data

Feature engineering Line 2
windows, lags, Anomaly detection f.fgg?cet}'fﬁ,ﬂi
derivatives, Isolation Forest, szrveillance +
cyclical variables LOF, VAE

regime discovery

Line 3:
Granger Causality

Figure 5. Conceptual Big Data framework.

The Ordinary Least Squares (OLS) model showed limited explanatory capability,
accounting for only 7.4% of TVOC variability (R? = 0.074). Residual diagnostics revealed
pronounced deviations from Gaussian assumptions, with extreme skewness (14.95) and
kurtosis (298.4), yielding a Jarque—Bera statistic of 16,002,883.

These results indicate that pollutant evolution in pathology laboratories cannot be
adequately represented through simple linear relationships and instead exhibit highly
asymmetric and transient behavior.

https:/ /doi.org/10.3390/app16189152


https://doi.org/10.3390/app16189152

Appl. Sci. 2026, 16, 9152

15 of 26

Correlation analysis further supported this interpretation. Pairwise relationships
among environmental variables remained generally weak, with moderate associations
observed only between CO and temperature (r = 0.28) and between TVOC and CO (r = 0.26).
The Pearson correlation matrix shown in Figure 6 confirms that no strong instantaneous
linear association dominated TVOC variability.

Correlation Matrix of IAQ Parameters
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Figure 6. Pearson correlation matrix of monitored environmental variables.

3.4. Predictive Modelling Results for Pollution Episode Forecasting
3.4.1. Characterization of Pollution Episodes

The environmental monitoring campaign revealed that pollutant dynamics in the
pathology laboratory were dominated by High-Intensity Short-Duration (HISD) events, par-
ticularly for Total Volatile Organic Compounds (TVOC). The descriptive statistics showed
strong variability, with a mean TVOC concentration of 257.1 ppb and a standard deviation
of 684.9 ppb, indicating that conventional averages do not adequately represent exposure
dynamics (Figure 7).

TVOC (ppb) (Log Scale) CO2 (ppm)
19.739.3

Temperature (* C) Relative Humidity (%)

8 8 & 8 & 3

3

Mean Maximum Mean Maximum

Figure 7. Statistical characterization of pollutant variability and extreme events.
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A total of 195 pollution episodes exceeding 500 ppb TVOC were identified, repre-
senting approximately 4.61% of the monitoring period. Extreme events reached peak
concentrations of 19,739 ppb, illustrating the occurrence of transient high-concentration
events within the monitored laboratory environment.

3.4.2. Characterization of the Predictive Performance of Machine Learning Models

The predictive framework evaluated different modelling families to capture nonlinear
pollutant behaviour and temporal dependencies within the environmental dataset.

Among the analyzed architectures, Random Forest achieved the highest predictive
performance, reaching R? = 0.78 and MAE = 10.5 ppb, substantially outperforming the
linear baseline model (OLS: R? = 0.074).

Feature importance analysis revealed that predictive performance was primarily
driven by temporal descriptors, particularly lagged variables and rolling statistics, indi-
cating that pollutant evolution depends strongly on short-term accumulation effects and
operational persistence.

The most influential predictors included previous TVOC states, temporal derivatives,
and activity-related indicators associated with laboratory operation.

Random Forest feature importance indicated that prediction relied predominantly
on recent TVOC states, lagged descriptors, rolling statistics, and temporal derivatives
(Figure 8). This result is consistent with strong short-term persistence in the TVOC time
series but should not be interpreted as direct identification of the physical dispersion
mechanisms governing the room.

Feature Importance for TVOC Prediction

TVOC lag1
TVOC_lags
CO_ppm -
RH_pct 4
CO2_ppm -
CO2_lagl
Temp_C 4
Hour
DayOfWeek
NO2_ppm -

HCHO_ppm -+

O3_ppm -

0.0 0.1 0.2 03 04 05 0.6 07 0.8
Importance

Figure 8. Relative feature importance obtained from the Random Forest model.

Figure 8 reports the model-specific feature importance obtained from the Random
Forest architecture. Equivalent native feature-importance measures were not directly
compared across Gradient Boosting and LSTM because their internal representations are
methodologically different; therefore, the figure is used specifically to interpret the selected
Random Forest model.

3.4.3. Temporal Validation of Predictive Performance

Temporal validation of the selected Random Forest model showed agreement between
measured and predicted TVOC concentrations over the independent test period (Figure 9).
The model successfully captured the onset and evolution of pollution episodes, although
slight underestimation was observed for the most extreme concentration peaks. Despite
this limitation, predictive performance remained robust across the monitoring period.
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Figure 9. Measured and Random-Forest-predicted TVOC concentrations over the independent
temporal test period.

For the evaluated 15/30 min forecasting horizon, these results indicate the potential for
an anticipatory control signal prior to some high-TVOC events. Such predictive activation
would need to operate while maintaining the minimum ventilation and pressure-control
requirements applicable to the space.

3.5. Multivariate Anomaly Detection Results
3.5.1. Identification of Atypical Environmental States

The Isolation Forest model, selected as the primary anomaly-detection algorithm fol-
lowing the comparative analysis described in the section above, was applied to identify en-
vironmental states deviating from normal operating conditions in the pathology laboratory.

Isolation Forest identified 212 anomalous observations, corresponding to 5.01% of the
4232 valid analytical records. During these events, mean TVOC concentration increased to
1639.3 ppb, approximately 6.4 times higher than the global dataset mean (257 ppb), con-
firming that anomaly periods were associated with substantial chemical load increments.

The detected anomalies were characterized not only by elevated pollutant concentra-
tions but also by atypical combinations of environmental variables, ventilation conditions,
and operational states.

Table 4 summarizes the quantitative characteristics of anomalous and normal operat-
ing periods.

Table 4. Quantitative characterization of anomalous environmental states.

Parameter Anomaly Value Normal Value
. o Normal observations: 4020 (94.99%)
Points Detected as Anomalous 212 (5.01% of total) Anomalous observations: 212 (5.01%)
Mean TVOC (ppb) 1639.3 ppb (x6.4 vs. mean) 257.0 ppb (overall dataset mean)
TVOC Maximum Recorded 19,739 ppb (during anomalous event) <500 ppb (95.5% of observations)
Mean Anomaly Score Negative (below 0.0 decision threshold) Positive (above 0.0 threshold)

3.5.2. Multivariate Environmental Relationships and Phase-Space Analysis

To investigate the environmental structure of detected anomalies, the relationship
between occupancy indicators and chemical load was analyzed using the CO,-TVOC
phase space (Figure 10).
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Figure 10. CO,, TVOC phase-space representation and detected anomalies.

The results revealed a dense cluster of normal operating conditions concentrated within
the expected CO; range, whereas anomalous observations appeared as isolated regions
characterized by elevated TVOC concentrations and atypical environmental combinations.

A relevant pattern was the occurrence of observations combining elevated TVOC
concentrations with comparatively low CO, levels. These states indicate that elevated
chemical-pollutant concentrations were not consistently accompanied by elevated values
of the CO,-based occupancy proxy. Potential explanations include residual emissions,
intermittent chemical handling, pollutant persistence, or ventilation conditions; however,
the available operational records do not permit a unique causal mechanism to be assigned
to each event. These observations may be associated with residual emissions, ventilation
inefficiencies, or chemical persistence phenomena.

This behavior indicates that conventional occupancy indicators alone are insufficient
to characterize pollutant risk in chemically intensive hospital environments.

3.5.3. Anomaly Score Distribution and Risk Characterization

The Isolation Forest model assigned a continuous anomaly score to each observation,
providing a quantitative measure of multivariate statistical atypicality.

Figure 11 shows the distribution of anomaly scores. Most observations remained
within the normal operating region, whereas anomalous states formed a distinct lower-tail
distribution located below the decision threshold.

Distribution of Scores of Anomalies

400 1 --- Threshold (Anomaly < 0)
350 +
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250 +
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Count
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_0.15 -0.10 0.00 0.05
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Figure 11. Distribution of anomaly scores for environmental state classification.
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The score distribution provides a clear operational separation between observations
classified by the model as normal and anomalous. Because independent ground-truth
anomaly labels were unavailable, this separation should be interpreted as statistical rather
than as a direct measure of environmental hazard The most critical scores corresponded to
events where multiple variables simultaneously deviated from normal conditions, includ-
ing abrupt pollutant escalation and ventilation imbalance.

3.5.4. Temporal Distribution of Detected Anomalies

This behavior indicates that pollutant episodes exhibit temporal persistence, sup-
porting the hypothesis of chemical residence effects and delayed dissipation dynamics
previously identified in the predictive analysis.

Some detected anomalies occurred during rapid TVOC escalation periods, including
observations preceding subsequent threshold exceedances. This temporal pattern suggests
that multivariate anomaly scores may provide complementary early-warning information,
although the Isolation Forest model itself was not formulated as a forecasting algorithm.
Consequently, the methodology provides an additional diagnostic layer capable of identify-
ing atypical environmental transitions prior to critical exposure conditions (Figure 12).

Multivariate Anomalies in Time Series

" Normal TVOC
« Anomaly detected

«d o o
Somon
—
emme

2025-03-01 2025-03-05 2025-03-09 2025-03-13 2025-03-17
Time

Figure 12. Temporal distribution of detected multivariate anomalies.

3.6. Temporal Causality Analysis
3.6.1. Granger Causality Assessment

To complement predictive and diagnostic analyses, temporal predictive dependency
methods were applied to investigate directional relationships between occupancy indica-
tors, environmental conditions, and pollutant evolution.

Unlike correlation analysis, which only quantifies statistical association, Granger
causality does not establish physical causation. In the present study, the methodology
was applied to assess whether environmental and occupancy indicators contributed to
explaining subsequent TVOC dynamics.

Statistically significant Granger-predictive dependencies were identified between CO,
and subsequent TVOC evolution for lag orders between 2 and 5 observations (p < 0.01).
Given the 1-min sampling interval, these lag orders correspond to approximately 2-5 min.
The result indicates that historical CO, measurements contained additional predictive
information regarding subsequent TVOC values over this short time scale. It does not,
however, demonstrate that occupancy itself physically caused TVOC generation laboratory
activity contributes These findings indicate that occupancy-related activity precedes part
of the chemical load evolution, supporting the existence of delayed pollutant generation
mechanisms associated with laboratory operation.
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3.6.2. Interpretation of Occupancy—Pollutant Interaction

Figure 13 shows the temporal relationship between occupancy indicators and pollu-
tant evolution. The temporal comparison between the CO, occupancy proxy and TVOC
indicates that changes in CO, may precede part of the subsequent TVOC variability. To-
gether with the Granger results, this suggests a short-term predictive relationship between
occupancy-related activity and chemical-pollutant evolution. However, the analysis does
not establish a direct mechanistic causal pathway, and TVOC dynamics are also affected by
source characteristics, pollutant persistence, mixing, and ventilation operation.

Temporal Analysis of Granger Causality COz vs. TVOC
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Figure 13. Relationship between CO, concentration and TVOC evolution.

The observed lags are compatible with delayed processes such as emission, mixing,
extraction, and dilution, although these mechanisms cannot be distinguished individually
from the present measurements.

These results reinforce previous observations obtained from anomaly detection analyses,
where pollutant episodes frequently appeared grouped in temporally persistent clusters.

3.6.3. Bayesian Dependency Structure

To complement temporal analysis, Bayesian dependency networks were employed to
characterize conditional relationships among environmental variables.

The Bayesian representation enabled the identification of interaction pathways linking
occupancy indicators, hygrothermal conditions, and pollutant evolution.

This explanatory layer complements predictive and anomaly detection models by
providing an interpretable representation of environmental interactions and supporting
evidence-based HVAC decision strategies.

The integration of predictive modelling, anomaly detection, and causality analysis
therefore establishes a multi-layer environmental assessment framework capable of ad-
dressing forecasting, diagnosis, and interpretation simultaneously.

3.7. Discussion

The proposed analytical framework integrates predictive modelling, anomaly detec-
tion, and temporal causality analysis within a unified environmental assessment architec-
ture. Although each methodological layer addresses different aspects of IAQ behavior,
their combined implementation provides complementary information for ventilation man-
agement and occupational risk control.
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Predictive modelling (Line 1) demonstrated the highest capability for anticipatory
management by forecasting pollutant evolution before threshold exceedance. The Random
Forest architecture achieved the strongest performance (R? = 0.78), enabling short-term
anticipation of pollution episodes and supporting proactive ventilation strategies.

The comparative evaluation showed that RF outperformed Gradient Boosting and
LSTM under the same chronological test conditions. The result is relevant because the
dataset is characterized by a limited sample size, strong asymmetry, and short-duration
peaks, conditions under which tree-based ensemble models can provide advantages over
more data-demanding sequential neural architectures.

In contrast, anomaly detection (Line 2) provided a diagnostic layer focused on iden-
tifying atypical environmental states. Unlike predictive approaches, anomaly detection
does not estimate future pollutant levels but identifies deviations from expected operating
behaviour, including hidden emissions and multivariate ventilation disturbances.

Temporal causality analysis (Line 3) contributed a temporal-interpretation layer by
identifying predictive dependencies between occupancy indicators and pollutant evolu-
tion. This capability complements predictive and diagnostic approaches by supporting
interpretation of environmental interactions.

Table 5 summarizes the comparative role of each methodological family.

Table 5. Comparative assessment of analytical methodologies for IAQ management.

Feature/Criterion Predictive Models (ML) Anomaly Detection (IF) Granger Causality
Primarv Obiective Anticipate TVOC peaks Identify real-time Determine temporal
YR (15-30 min ahead) operational deviations precedence between variables

Random Forest/Gradient Granger F-test; Bayesian

Key Algorithm Boosting/LSTM Isolation Forest/LOF/VAE Network (BIC score)
Temporal Focus Prospective Immediate diagnosis Retrospective-dynamic
p (future prediction) (real-time) (explainability)

212 anomalies detected

R? = 0.78; MAE = 10.5 ppb; Significant at lags 2-5

Validated Performance B (5.01%); mean
AUC-ROC =091 TVOC = 1639.3 ppb (p<0.01)
.. Proactive DCV activation; Fault detection; safety Evidence base for HVAC

Regulatory Application d o . . .

ose prediction alert generation control logic design
Underestimates extreme tail Threshold calibration Assumes stationarity; may

Key Limitation peaks; requires retraining critical; potential alarm miss non-linear

after HVAC changes fatigue if over-sensitive causal mechanisms

The obtained results indicate that conventional ventilation control strategies based
exclusively on occupancy indicators may be insufficient for chemically intensive healthcare
environments.

The weak association identified between occupancy indicators and pollutant dynam-
ics, together with the existence of high TVOC events under low occupancy conditions,
demonstrates that chemical exposure cannot be fully characterized using CO, monitoring
alone. In pathology laboratories, such predictive control should be interpreted as an addi-
tional supervisory layer for local extraction or ventilation response and not as a mechanism
for reducing mandatory minimum ventilation or containment requirements.

The predictive capability of the proposed framework enables the transition from reac-
tive control toward predictive ventilation operation. Instead of increasing airflow only after
threshold exceedance, HVAC systems may respond according to expected environmental
evolution. Likewise, anomaly detection provides an additional diagnostic layer capable
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of identifying abnormal environmental states before extreme exposure conditions occur.
This capability may improve both occupational safety and operational resilience. Table 6
shows the comparison between conventional statistical approaches and machine learning
methods focused on IAQ management.

Table 6. Comparison between conventional statistical approaches and machine learning methods for
TAQ management.

Feature

Traditional Statistical Methods

(ARIMA, Linear Regression) Big Data/MLs (Line 1)

. . Linear; assumes stationarity and Captures non-linear relationships and
Mathematical Complexity . .
Gaussian errors abrupt concentration peaks
Smooths out extreme values; poor on tails Tree-based methods specialised in
Accuracy on Extreme Events . . L -
(kurtosis > 3) detecting outlier risk episodes

Temporal Orientation

Predictive: warn what will happen in

Descriptive: explain what happened the next 15-30 min

BMS Integration

Difficult to automate in real-time; requires ~ Native integration into BMS via REST
manual intervention API or OPC-UA endpoints

Regulatory Compliance

Predictive compliance management

Descriptive compliance reporting only with quantified risk probability

Direct numerical comparison among IAQ forecasting studies requires caution because
reported performance depends on pollutant type, sampling interval, prediction horizon,
dataset size, and environmental dynamics. Published models developed for more stable res-
idential or office environments may achieve higher coefficients of determination, whereas
the present dataset contains highly skewed TVOC concentrations and short-duration peaks
reaching 19,739 ppb. Therefore, the contribution of the present study should not be inter-
preted solely in terms of maximum predictive accuracy, but in the application of a combined
predictive-diagnostic framework to a chemically intensive pathology environment. The
cross-zone comparison further showed that ventilation and pollutant behaviour differed
between the grossing and storage rooms. The grossing room combined active chemical
manipulation with a measured ventilation rate below the selected reference requirement.
These differences support treating the two spaces as distinct environmental regimes rather
than assuming uniform pathology-department IAQ conditions.

4. Conclusions

This study proposed and validated an integrated environmental analytics framework
for Indoor Air Quality (IAQ) assessment and ventilation evaluation in hospital pathology
laboratories. The methodology combined predictive modelling, multivariate anomaly
detection, and temporal causality analysis to characterize pollutant dynamics in chemically
intensive healthcare environments. The experimental assessment identified significant
differences between occupancy-related indicators and chemically driven pollutants. While
CO; concentrations remained within acceptable limits, transient TVOC episodes reached
peak values up to 19,739 ppb, demonstrating that chemical exposure in pathology laborato-
ries is primarily governed by operational emissions rather than occupancy alone.

Ventilation assessment revealed that the monitored grossing room operated below the
regulatory target established by ASHRAE Standard 170, reaching a maximum ventilation
rate of 9.3 ACH compared with the required 15 ACH. The measured pressure differential
(—2 Pa) also remained below the recommended containment level (—10 Pa), indicating
reduced ventilation performance under monitored conditions. The predictive modelling
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framework demonstrated strong capability for anticipating pollution events. Among
the evaluated architectures, Random Forest achieved the highest performance (R? = 0.78;
MAE =10.5 ppb), enabling short-term prediction of pollutant evolution and supporting
predictive ventilation strategies.

Isolation Forest identified 212 atypical observations, corresponding to 5.01% of the
valid analytical dataset (N = 4232 confirmed), with substantially elevated TVOC lev-
els relative to normal observations. Granger analysis identified statistically significant
predictive dependencies between CO, and subsequent TVOC evolution at lags of ap-
proximately 2-5 min. These results indicate temporal predictive precedence rather than
physical causation. The proposed framework supports the transition from reactive IAQ
assessment toward predictive environmental management by integrating forecasting, di-
agnosis, and explanatory analysis within a unified methodology. The approach provides
a transferable basis for predictive HVAC control, Demand-Controlled Ventilation (DCV),
and risk-informed environmental management in chemically intensive healthcare facil-
ities. The findings should nevertheless be interpreted within the limits of a single-site,
short-term monitoring campaign and require external validation before generalization
to other pathology departments. Future developments should extend the methodology
toward multi-hospital datasets, real-time Building Management System integration, and
digital-twin-based ventilation control strategies.
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