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Abstract- Poor indoor air quality (IAQ) in healthcare
environments increases hospital-acquired infections,
exacerbates respiratory diseases, and impairs staff
performance. This study develops an Al-driven system
that predicts the Indoor Air Quality Index (IAQI) in real
time using low-cost sensor data and machine learning. A
dataset of 18,540 hourly records from five hospitals was
collected, measuring PM2.5, PM10, CO:, CO, TVOCs,
temperature, and relative humidity. Three Al models
(Random Forest, XGBoost, LSTM) were trained and
compared against a traditional deterministic model. The
ensemble LSTM-XGBoost predictor achieved an R’ of
0.94 (RMSE = 4.21) for IAQI, outperforming the
deterministic model (R*> = 0.68). The system provides
15-minute ahead predictions with an accuracy of 92.3%,
enabling proactive ventilation control. Deployment in a
200-bed hospital reduced high 1AQ events by 58% over 6
months. Ethical considerations (data privacy, model
explainability) are addressed. This Al system offers a
cost-effective, scalable solution for continuous IAQ
management in low-resource healthcare settings.

Index Terms: Indoor Air Quality, Artificial Intelligence,
Healthcare Environments, Predictive Modeling, LSTM,
Air Quality Index

L INTRODUCTION

Indoor Air Quality (IAQ) in healthcare facilities
directly affects patient recovery, infection control,

ventilation systems, and IAQ complaints are
underreported [9]. An affordable, real time prediction
system could trigger timely interventions (e.g.,
increasing air exchange, activating purifiers) before
pollutant levels reach harmful thresholds [10-11].

Artificial intelligence (AI) has been successfully
applied to air quality forecasting in outdoor
environments, but indoor healthcare applications
remain scarce [12-14]. Unlike outdoor models,
healthcare IAQ is influenced by occupant density,
medical procedures (e.g., aerosol generating
procedures), cleaning activities, and HVAC operation
schedules [15-16]. This study develops an Al driven
TAQ Index (IAQI) prediction system tailored for
healthcare environments, using low cost sensors and
ensemble machine learning.

II. BACKGROUND AND RATIONALE

A. Indoor Air Quality Standards in Healthcare
Regulatory bodies (ASHRAE, WHO, CDC)
recommend specific TAQ limits for healthcare
settings [17-19].

Table 1: Recommended IAQ Limits for Healthcare
Environments

and occupational health [1-3]. Poor IAQ has been Acceptable Limit Critical
linked to increased rates of surgical site infections, Pollutant (8-h avg) Threshold
asthma exacerbations, and sick building syndrome

among healthcare workers [4-6]. Traditional TAQ PM2.5 “1s - 35
monitoring relies on periodic manual measurements (ng/m?) -

or expensive continuous analyzers, which are often
unavailable in low- and middle-income countries [7- PM10 (ug/m?) <50 >100

8].

The World Health Organization estimates that 38% CO: (ppm) <800 > 1200
of health facilities in Sub Saharan Africa lack reliable
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Pollutant Acceptable Limit Critical Senso Param Ran Accur Placem
(8-h avg) Threshold r eter ge acy ent
< > -
TVOCs (ppb) <500 > 1000 M2 0-10
SPS3 00 1.5 m
0 ; ng/ £10% height
Relative PM10
40- < >
humidity (%) 0-60 30 or>70 m?
S 0-30 +30 Wall
Exceedance of critical thresholds is associated with .enssz CO, 00 ad -mou
increased infection risk and discomfort [20-21]. o ppm ppm nte
B. Limitations of Current IAQ Management TVOC 0-10
Most hospitals use reactive approaches — monitoring BME S 00 Central
only after complaints — or rely on expensive 630 T emp ppb, +15% area
stationary analyzers that are rarely calibrated [22-23]. RH | 0-65
Predictive maintenance of HVAC systems is not ¢

common. A systematic review found that only 12%
of Nigerian tertiary hospitals have continuous IAQ
monitoring [24].

C. Al for Indoor Air Quality Prediction

Recent studies have used Random Forest, XGBoost,
and LSTM networks to predict indoor PM2.5 and
CO: levels in offices and schools, achieving R?
values of 0.75-0.89 [25-27]. However, healthcare
environments present unique challenges: sudden
pollutant spikes (e.g., during intubation), diurnal
variability, and multi-zone dynamics [28-30]. This
study fills that gap by developing a dedicated
healthcare TAQ index prediction system.

III. METHODOLOGY

A. Study Design and Data Collection

A prospective observational study was conducted in
five hospitals (two tertiary, two secondary, one
primary) in Lagos, Nigeria, from January to
December 2023. Low-cost sensors (Sensirion SPS30
for PM, Senseair S8 for CO2, Bosch BME680 for
TVOCs, temp, RH) were installed in waiting areas,
ICUs, and operating theaters. Data were logged every
5 minutes, aggregated hourly, yielding 18,540 valid
hourly records after cleaning.

Table 2: Sensor Specifications and Placement
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B. IAQ Index (IAQI) Calculation
We defined a composite IAQI based on WHO/EPA
methods:

IAQI = max (IAQI PM2.5, IAQI PM10, IAQI CO.,
TIAQI_TVOCs)

Each sub-index is linear between breakpoints (e.g.,
PM2.5 0-15 pg/m®* — TAQI 0-50; 15-35 — 51-100;
35-75 — 101-150, etc.). Final IAQI categories: Good
(0-50), Moderate (51-100), Unhealthy for Sensitive
(101-150), Unhealthy (151-200), Very Unhealthy
(201-300).

C. Al Model Development
Three models were developed:

1. Random Forest (RF)— 300 trees, max depth
15.

2. XGBoost — learning rate 0.05, max depth 8§,
200 estimators.

3. LSTM — two hidden layers (64, 32 units),
dropout 0.2, 50 epochs.

4. Ensemble (LSTM + XGBoost) — weighted
average (0.6 LSTM + 0.4 XGBoost).

Input features: previous 6 hours of PM2.5, PM10,
CO2, TVOCs, temp, RH, hour of day, day of week,
hospital zone (waiting/ICU/OT), occupancy count
(estimated via CO: derivative). Output: TAQI at
current hour and 15-minute ahead forecast.
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Table 3: Feature Importance (from RF model) )
Mea Pea Yo time
Feature Importance N N K Unhealth
Zone (hour 1AQ A yIA 1o
PM2.5 (t-1) 0.22 ) I QI g) Q
COs (t-1) 0.18 _
Operati
ng 4,520 88.6 210 22.1%
Occupancy estimate 0.15 Theater
TVOCs (t-1) 0.12 .
Waiting 5040 | 684 124 8.7%
|Area
Hour of day 0.10
PM10 (t-1) 0.09 B. Model Performance .
The ensemble LSTM-XGBoost model achieved the
highest .
Relative humidity 0.06 lghest accuracy
Table 5: Comparative Model Performance (IAQI
Temperature 0.05 -
prediction, test set)
Day of week 0.03 Accura
RM M cy
Model R
ode SE AE (catego
D. Training and Validation ry)
Data split: 70% training, 15% validation, 15% test.
Five-fold cross-validation. Baseline comparison: Deterministic 06 0
deterministic model using mass balance equation (mass 8. 14.3 5 ' 71.2%
[31]. Performance metrics: R2 RMSE, MAE, balance)
accuracy (for classification into TAQI categories), F1
score. Random 0.8 27 6.1 26.5%
IForest 8
V. RESULTS
o o IXGBoost 09 7.9 5.4 88.9%
A. Descriptive Statistics 0
Mean (+SD) IAQI across all sites was 78.4 + 24.6
(Moderate category). Highest poll.utlon occurred. in LSTM 0.9 6.8 49 90.8%
ICUs (mean IAQI 94.2) and operating theaters during 2
procedures (spikes up to 185). Waiting areas showed
lower but sustained moderate levels. Ensemble 0.9
(LSTM+XG 4' 4.21 3.2 92.3%
Table 4: Summary Statistics by Hospital Zone Boost)
%  time
N Mea Pea Unhealth The ensemble model significantly outperformed the
Zone (hour ?A lI(A y deterministic approach (paired t-test, p<0.001). For
s) I Q Ql (IAQI>10 15-minute ahead forecasting, accuracy dropped
0) slightly to 89.7%, still acceptable for proactive
control.
ICU 6,280 94.2 185 28.4%
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C. Feature Impact and Spikes Detection

The model successfully predicted sudden IAQ
deteriorations (e.g., from Good to Unhealthy) with a
lead time of 10-15 minutes. Sensitivity for detecting
“Unhealthy” episodes was 94%, specificity 89%.

Table 6: Confusion Matrix for IAQI Category
(Ensemble Model)

|Actual v
Go Moder Unheal ery
. Unheal
Predict od ate thy th
ed Y
1,2
’ 12
Good 4 98 0
Moder 142 3,856 210 8
ate
Unheal 18 224 1,186 42
thy
Very
[Unheal 0 6 38 152
thy

B. Comparison with Prior Work

Our model outperforms previous indoor air quality
prediction studies (R? typically 0.75-0.89) [25-27].
The improvement is attributed to the inclusion of
occupancy proxies (CO: derivative) and zone-specific
features, which are critical in healthcare. Unlike
outdoor models, healthcare IAQ requires high
temporal resolution and spike detection — our LSTM
architecture excels here.

C. Practical Implications

For low-resource hospitals, this system costs under
$500 per zone (sensors + Raspberry Pi) and can be
integrated with existing HVAC controllers. The
15-minute prediction window allows gradual
ventilation adjustments, avoiding energy waste. The
TAQI dashboard (web-based) helps facility managers
prioritize interventions.

D. Ethical and Implementation Considerations

Table 7: Ethical Challenges and Mitigations

Overall accuracy = 92.3%, weighted F1 = 0.92.

D. Deployment Outcomes

The system was deployed in the ICU of a 200-bed
teaching hospital for 6 months. Alerts triggered
automated increases in air exchange rate (from 2
ACH to 6 ACH) and activation of portable HEPA
filters. High IAQ events (IAQI > 100) reduced from
28.4% of hours to 11.9% (p<0.001). Staff satisfaction
with air quality improved from 42% to 78% on Likert
scale.

V. DISCUSSION

A. Principal Findings

An Al-driven IAQ prediction system using low-cost
sensors achieved high accuracy (R*=0.94, 15-min
ahead accuracy 92.3%) in healthcare environments.
The ensemble LSTM-XGBoost model captured
temporal dependencies and sudden spikes better than
traditional deterministic models or single algorithms.
Deployment led to a 58% reduction in high [AQ
events, demonstrating real-world utility.

Issue Mitigation

Data privacy No  personal identifiers;|
(patient/staff ~ presence occupancy aggregated per
inferred) zone

IAlgorithmic bias Models  validated  across
(different hospital types) tertiary, secondary, primary

Alert  threshold set at
False alarms TAQI>110 (slightly abovel
WHO)

Transparenc SHAP explanations provided
P Y for each prediction

E. Limitations and Future Work

Limitations: single country study, limited to five
hospitals; sensors not calibrated against reference
instruments; no real time aerosol speciation. Future
directions: multi country validation, integration with
electronic health records to link IAQ to infection
rates, and reinforcement learning for HVAC control.
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VL CONCLUSION

In conclusion, the Al driven IAQ prediction system
offers an accurate, low-cost solution for healthcare
environments, enabling proactive air quality
management and reducing harmful exposures.
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