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Abstract

This study presents an Indoor Environmental Quality (IEQ)-aware framework for residen-
tial valuation by integrating low-cost IoT sensing, transparent scoring, and hedonic price
modeling. The analysis uses a dataset of 244 apartments across 12 districts in Tehran. It
combines indicators of thermal comfort, particulate exposure, lighting, acoustics, stability,
exceedance, and uncertainty with conventional housing covariates (area, age, bedroom:s,
floor level, renovation status, amenities, and accessibility proxies). Results show that
pooled IEQ-price relationships are weak and confounded, whereas controlled specifica-
tions produce modest but consistent improvements in explanatory fit after IEQ features
are introduced. Conventional location and structural attributes remain the dominant de-
terminants of price per square meter. Still, IEQ contributes a non-redundant information
layer that improves within-segment differentiation and interpretability for inspection and
listing workflows. Methodologically, the framework extends beyond average comfort
metrics by incorporating volatility, threshold exceedance duration, and sensor uncertainty,
enabling uncertainty-aware reporting rather than single-point scoring. In practice, the
workflow supports portable sensing, reproducible analytics, and privacy-preserving edge
aggregation, suitable for PropTech deployment. The findings support a cautious but ac-
tionable conclusion: IEQ should be treated as an incremental valuation signal rather than a
standalone pricing determinant. In this context, IEQ is conceptualized as a supplementary
attribute block that may add explanatory value beyond conventional housing covariates
rather than as a standalone pricing determinant.
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practical format for listings and inspections. At the same time, rapid PropTech adoption has
created a strong opportunity to close this gap: low-cost IoT sensing can generate continuous
comfort evidence and reduce information asymmetry between sellers and buyers, who
otherwise rely on short visits and incomplete impressions of indoor livability.

IEQ has been studied extensively in building science, typically focusing on offices,
schools, and healthcare facilities, where performance and health outcomes can be tied to
measured environmental conditions. In such contexts, IEQ is often organized into four in-
terrelated domains: thermal environment (temperature, humidity, radiant temperature, air
speed), indoor air quality (particulate matter, CO,, volatile organic compounds, combustion
products), lighting (illuminance, glare, spectral properties), and acoustics (sound pressure
levels and psychoacoustic comfort). Standards and guidelines such as ASHRAE Standard
55 [1], (thermal comfort) and ASHRAE Standards 62.1/62.2 [2,3], (ventilation and accept-
able indoor air quality) provide consensus-based methods and minimum requirements
for design and operation, while the WHO air quality guidelines support health-oriented
pollutant thresholds. European frameworks such as EN 16798-1 [4], and its predecessors
similarly define input parameters for assessing indoor environments.

Despite mature research in building performance, IEQ is not routinely integrated into
residential valuation. Traditional housing valuation relies on comparable sales and hedonic
pricing models that interpret price as the sum of implicit prices for different attributes.
These models often include location variables (district, accessibility, amenities), structural
variables (floor area, age, number of rooms), and occasionally energy performance labels.
Incorporating IEQ into such models requires (i) scalable and cost-effective measurement,
(ii) robust feature engineering to summarize time-varying indoor conditions, and (iii) gov-
ernance and privacy practices that make data collection acceptable in occupied homes.

In this study, the term incremental signal refers to information that explains additional
variation in residential price per square meter after conventional hedonic determinants have
already been accounted for. In other words, IEQ is not treated as a replacement for location,
size, age, or amenity variables; rather, it is tested as a supplementary attribute block that
may improve within-segment differentiation among otherwise comparable dwellings. This
framing is consistent with hedonic pricing logic, in which housing prices reflect bundles
of attributes, but it differs from conventional models by focusing on dynamic, experience-
based indoor conditions rather than only static structural or locational characteristics.

This study presents a portable low-cost sensing framework with transparent scoring
bands and weights, supported by pilot evidence, and defines the methodological rigor
required for publishable valuation claims. Specifically, it proposes moving from raw
sensor streams to reproducible IEQ features and then testing their economic relevance
with controlled hedonic models that account for confounders, alongside stability /exposure
metrics, uncertainty-aware calibration, and privacy-preserving edge reporting. The central
contribution is conceptual and methodological: it positions objectively measured indoor
comfort as a potential economic housing attribute and provides a scalable pathway to
make that claim scientifically defensible and practically usable for agents, buyers, sellers,
and policy stakeholders. Accordingly, the study’s contribution is not to claim that IEQ
is a dominant market driver, but to test whether it operates as a non-redundant residual
information layer within controlled hedonic valuation.

Background and Related Work

The conceptual foundations of the Internet of Things (IoT) and its early articulation
in the RFID community motivate connecting physical sensors to digital services [5]; in-
ternational telecommunication discussions also helped formalize the IoT framing and
terminology [6].

https:/ /doi.org/10.3390/buildings16122365


https://doi.org/10.3390/buildings16122365

Buildings 2026, 16, 2365

3 0f27

Network-traffic analysis shows that device presence and behavior can sometimes be
inferred even when payloads are encrypted, which reinforces the need for privacy-by-
design choices such as data minimization, voice-control safeguards, and edge aggregation
in residential monitoring [7]. Public-policy discussions further frame the societal risks
of ubiquitous listening and support privacy-preserving deployment in indoor sensing
systems [8].

Within the real estate domain, research on intelligent real estate management high-
lights the growing role of data and analytics in property decision-making [9]. Smart-city
surveys connect enabling technologies and security to urban services that shape hous-
ing environments [10], while corporate real estate sustainability work emphasizes that
environmental performance can become part of real estate management objectives [11].

PropTech and digital disruption in real estate have been systematically reviewed, clari-
fying both drivers and barriers to adoption of new platforms and technologies [12]. Online
community behavior and channel effects have been linked to local sales outcomes in the
real estate industry, showing that digital information can affect purchasing behavior [13].
Organizational culture and service-delivery standards also influence customer orientation
in real estate practice, shaping how new evidence (such as IEQ reports) may be communi-
cated and trusted [14]. Macroeconomic factors such as government deficit and land finance
can interact with real estate markets, reminding us that pricing is influenced by both micro-
attributes and broader context [15]. Brokerage studies on education, immigration, and
mobility show that real estate transactions are embedded in social assemblages—another
reason why new comfort metrics must be interpretable to diverse stakeholders [16].

For indoor environmental measurements, structured investigation guidance provides
practical protocols for diagnosing indoor air quality and interpreting evidence [17]. Com-
posite index work in urban studies illustrates how different weighting schemes can change
the resulting rankings and conclusions, which is directly relevant when defining IEQ
weights and comfort bands [18]. Empirical studies of indoor built environments in multi-
room residential contexts (e.g., modular student housing) show how room-to-room vari-
ability can matter for interpretation and reporting [19]. Big-data approaches in property
management further reinforce the role of richer data layers in operational decision-making,
providing a parallel motivation for including comfort data in real estate practice [20].

Because the device described in this research relies on low-cost sensing, general re-
views of sensors used in everyday applications provide a broad foundation for technology
selection and expected limitations [21]. Beyond housing, BIM- and loT-driven digital
transformation research in construction demonstrates how sensing can be integrated into
building information workflows [22]. When environmental datasets become valuable, real
estate data marketplaces raise governance and ethical questions—highly relevant if IEQ
data is attached to listings and shared among parties [23]. Sustainability research also
positions IoT as an enabling technology toward smart readiness indicators for university
buildings, supporting the broader framing of comfort as measurable performance in build-
ing portfolios [24]. IoT research trend analyses in construction further contextualize where
sensing is heading and which applications are maturing [25]. Finally, the development
of an indoor environmental quality index using a low-cost monitoring platform provides
direct precedent for score-based IEQ summarization that is comparable in spirit to the
approach taken in this research [26].

PropTech’s impact on industry growth has been discussed in the real estate litera-
ture [27], and the relevance of IoT to real estate professional practice has also been addressed
explicitly [28]. More targeted sensing-for-valuation examples include IoT-based real estate
evaluation using thermal diffusivity measurements [29] and IoT sensor approaches for mea-
suring and evaluating apartment comfort levels [30]. At the information-integration layer,
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open-standards frameworks for linking BIM and IoT provide a basis for connecting sensor
evidence to digital building representations [31]. Adoption-focused research also proposes
structured ways to analyze drivers and barriers of construction technology adoption, which
can inform dissemination and uptake strategies for IEQ inspection tools [32].

Alternative indoor monitoring modalities and connectivity options continue to de-
velop. For example, camera-image-sensor-based visible light communication (VLC) has
been used to propose electromagnetic-interference-free indoor environment monitoring [33].
Low-power wide-area connectivity (e.g., LoORaWAN) has been evaluated in large-scale
smart-city demonstrators, informing future scalable sensing networks [34]. At the busi-
ness level, the broader impact of IoT on value creation and organizational change is often
emphasized, reinforcing the PropTech motivation for measured comfort evidence [35].

Smart-home reviews summarize common challenges (interoperability, security, pri-
vacy) and outline solution approaches that matter for residential deployments [36]. More
detailed architectural work proposes multi-layer cloud models and ontology-based security
service frameworks for IoT smart homes [37]. Early home-automation systems demon-
strate how monitoring and control loops can be built on IoT platforms [38]. Comfort-aware
control has also been studied in energy-saving device control methods that aim to minimize
comfort degradation [39], while classic discomfort-index work provides a simple historical
example of translating thermal variables into a single interpretable score [40].

A key scientific challenge for low-cost IEQ tools is measurement validity. Multiple
studies have evaluated consumer or low-cost particulate monitors, providing evidence on
bias, precision, and stability under different indoor conditions [41]. Longer-term evaluation
of low-cost PM2.5 monitors adds insight into drift and year-scale behavior [42]. Residential-
source tests further examine how consumer and research-grade monitors respond to indoor
particle events [43], while specific performance assessments for PM2.5 and PM10 help
clarify where low-cost devices are reliable and where caution is needed [44]. Design-
oriented work on low-cost portable IEQ devices provides implementation context similar
to the present system [45], and broader performance assessment under variable indoor air
quality and thermal conditions strengthens the case for uncertainty-aware scoring [46].

Open-source building science sensor platforms demonstrate how long-term indoor
environmental data can be collected cost-effectively, supporting reproducible field stud-
ies [47]. Continuous IEQ monitoring system development clarifies practical context and
design choices for persistent deployment [48]. Automated mobile sensing approaches
push toward higher granularity and agile indoor monitoring [49], and Arduino-based data
acquisition systems show how continuous monitoring can be implemented with accessible
hardware [50].

IEQ sensing also appears in domain-specific applications. For example, automotive
HVAC modifications to control cabin CO, concentration illustrate comfort-oriented sensing
and control logic in mobile environments [51]. Occupancy estimation using IoT sensors
and CO;-based machine-learning models further demonstrates how indoor signals can be
transformed into actionable building intelligence [52]. Distributed sensing approaches for
monitoring IEQ in buildings provide additional context for scalable deployments [53].

At the systems level, systematic literature reviews of wireless sensor networks and IoT
frameworks in Industry 4.0 highlight architectural patterns that support reliable sensing
pipelines [54], and broader reviews of loT-based wireless sensor networks summarize
common design choices and limitations that are relevant for selecting communication
protocols and ensuring robustness [55].

Finally, policy and health-oriented guidance provide context for interpreting IEQ
evidence. OSHA policy statements reinforce the importance of structured indoor air quality
management [56]. Classic studies on indirect health effects of relative humidity motivate
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careful interpretation of humidity bands [57], and controlled experiments comparing
responses to atmospheric humidity at comfortable air temperatures provide additional
evidence on perceived comfort sensitivity [58]. Ambient air quality standards for particulate
matter provide an authoritative framing for PM thresholds and risk communication [59].
Very volatile organic compounds (VVOCs) are also highlighted as an understudied class of
indoor pollutants, supporting future extensions of the sensing platform beyond particulate
matter [60].

Despite the breadth of prior work, three gaps remain. First, most IEQ studies focus on
health, comfort, or building performance outcomes rather than on residential valuation
relevance. Second, existing low-cost sensing studies typically emphasize device feasibility
or score construction, but they less often test whether engineered IEQ features add explana-
tory value after controlling for standard housing covariates. Third, the literature rarely
distinguishes between average indoor conditions and the more valuation-relevant notions
of stability, exceedance burden, and measurement uncertainty. The present study addresses
these gaps by linking portable IEQ sensing to a controlled hedonic framework and by
testing whether dynamic indoor-condition descriptors contribute incremental valuation
information. Accordingly, the study’s contribution is not to claim that IEQ is a dominant
market driver, but to test whether it operates as a non-redundant residual information layer
within controlled hedonic valuation.

This study is positioned at the intersection of building science (IEQ measurement
and scoring) and PropTech (valuation and decision support). The novelty is not merely
sensing—many devices sense indoor air. The novelty is the end-to-end proposition that
converts low-cost sensing into an interpretable comfort index, tests the index in a valuation-
relevant pilot, and provides a rigorous extension blueprint to integrate IEQ into hedonic
pricing and listing workflows. In other words, the device and index are treated as an
economic information product that can reduce uncertainty in real estate transactions.

2. Materials and Methods
2.1. Methodology Overview and Study Pipeline

In PropTech, there is a growing interest in data-enhanced inspections, digital twins
of buildings, and occupant-centric services. While many smart-home products focus on
convenience, a valuation-focused IEQ approach must be different: it needs traceability
(how scores are computed), comparability across units (consistent measurement windows),
and deployment practicality (battery life, low maintenance). The research contributes to
these aspects by proposing a portable unit that can run from a rechargeable battery, display
real-time feedback via OLED, and transmit data to cloud storage for later analysis.

Figure 1 summarizes the sensing-to-valuation workflow. Sensor time series are quality-
checked and converted into interpretable IEQ features (mean, stability, and exceedance metrics),
then combined with standard listing covariates in a controlled hedonic Model, diagnostics, and
a certificate-style report supports scientific validity and practical PropTech deployment.

The methodology is structured as a four-stage pipeline: (1) device design and assem-
bly; (2) deployment and data collection; (3) Python 3.9.6-based data processing, feature
engineering, and scoring; and (4) interpretation of the comfort—price relationship and
managerial implications. Each stage is documented with reproducibility details, quality
assurance steps, uncertainty handling, and a hedonic-pricing modeling plan that separates
IEQ effects from location and standard housing attributes.
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Figure 1. End-to-end study pipeline from sensing to hedonic valuation and reporting.

2.2. Study Design, Sampling, and Dataset Structure

The final analytical sample includes 244 apartments across 12 districts (District_01-
District_12). For each apartment, the dataset includes standard listing covariates (district,
floor area, bedrooms, bathrooms, building age, floor level, elevator/parking, renovation
status, orientation, amenities, distance to major road, and metro/transit) and IEQ-derived
features. IEQ measurements cover thermal comfort (temperature, relative humidity),
particulate pollution (PM2.5 and PM summaries such as P95 and exceedance duration),
lighting (illuminance), acoustics (sound level), and a qualitative gas/IAQ proxy.

The analytical sample was compiled as a district-stratified pilot dataset rather than
as a statistically representative survey of the full Tehran housing market. The objective
was to capture heterogeneity in price, location, and indoor conditions across multiple
districts while retaining a consistent set of listing covariates and IEQ measurement outputs
for modeling. Inclusion in the final sample required complete core housing attributes, a
valid IEQ observation window, and sufficient data quality for feature engineering. Ac-
cordingly, the sample should be interpreted as an exploratory valuation-oriented dataset
rather than a probability-based representation of the broader market. Potential sources
of bias include non-random unit selection, unequal district representation, listing-market
segmentation, and possible differences between apartments with complete measurement
records and the wider residential stock. The adopted window captures short-term indoor
conditions but does not represent seasonal variation; this limitation is addressed explicitly
in the Discussion.

A key measurement design choice is the aggregation window. A 100-min window was
used to balance responsiveness with stability; this work retains that concept and extends it
with additional features that are not captured by means alone (e.g., stability and exposure
duration). In addition to mean values, the dataset includes: percent time in comfort bands
(good/mid/poor), day vs. night score splits, exceedance minutes above PM2.5 and sound
thresholds, and uncertainty intervals for the IEQ score.

The 100-min measurement window was selected as a practical compromise between
portability and signal stability for pilot inspections; however, it does not capture full
temporal dynamics associated with weekday/weekend routines, seasonal changes, or
longer occupancy cycles, and this limitation is acknowledged explicitly in the discussion.

2.3. IoT IEQ Monitoring System and Sensing Concept

The device design goal is a rechargeable, portable unit that measures indoor pollutants
and comfort variables using low-cost modules and an ESP32-class microcontroller board for
signal processing and status determination. Figure 2 shows the assembled IEQ prototype
used for portable sensing and data acquisition. Raw data are designed to be stored in the
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cloud for later processing. The concept maps directly to a PropTech inspection workflow:
move the device between homes, collect evidence under a standardized protocol, and
convert it into a simple, interpretable comfort score.

PMS5003

Figure 2. Assembled IEQ prototype using ESP32 and multi-sensor modules (PMS5003, MQ135,
DHT?22, BH1750, microphone).

The core sensor list is reproduced below to keep traceability with the device specifica-
tion. The device captures: (i) temperature and humidity, (ii) particulate matter size fractions,
(iif) illuminance, (iv) sound intensity, and (v) a qualitative gas/smoke indicator responsive
to multiple species. Table 1 summarizes the sensor modules, measured parameters, and
operating principles used in the prototype.

Table 1. Sensor modules and measured parameters.

Manufacturer Operating Principle
Sensor Module (as Reported) Measured Parameter (s) (as Described)
DHT22 (AM2302) Aosong Temperatul.‘e;' Relative Capacitive RH + NTC
humidity temperature element
Particulate matter: PM1.0; Laser-scattering
PMS5003 Plantower PM2.5; PM10 particle sensor
BH1750 ROHM Semiconductor Iluminance (lux) Photod1oc.1e—based light
sensing (lux)
Gassgﬁg gf:fiﬁ;éfH& Metal-oxide gas sensor with
MQ135 Winsen P # multi-gas sensitivity
benzene, CO, proxy, other (qualitative TAQ proxy)
gases; smoke) q proxy
Adafruit #1063 Adafruit Sound level (dB proxy) Electret microphone module

(sound intensity proxy)

The measurement ranges and nominal accuracies are retained for traceability. Table 2
reports the nominal measurement ranges and accuracies of the sensors used in the proto-
type; preserve the printed values and clarify the intended mapping in the narrative (RH
typically spans 0-100% with a few percent accuracy; temperature spans —40 to 125 °C with
sub-degree accuracy).

Portability is essential for residential inspection and for comparing units under similar
conditions. The device operates via either a standard outlet or a battery power bank,
supporting portable deployment across different apartment contexts. The maximum load is
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reported at ~138 mA, and battery life is estimated using a 0.7 derating factor to account for
practical inefficiencies. The realistic operating time can be lower due to minimum voltage
constraints on some boards (USB supply dropping below 5 V during discharge). Observed
operation across several days supports the feasibility for repeated, standardized inspection
windows and larger-scale measurement campaigns.

Table 2. Measurement ranges and nominal accuracies.

Measurement Type Range (as Printed) Accuracy (as Printed)

Relative humidity 0-100% RH +2% RH
Temperature —40to0 125 °C +£0.3°C
PM2.5/PM10 0-1000 pg/m? +15%

INluminance (light) 0-17,000 lux +5 lux

Microphone (sound) 0-80 dB +5dB

2.4. Data Pipeline, Ul, and Reproducibility Model

A hybrid interface was used: immediate on-device feedback and cloud storage for
analytics. Values are shown on an OLED display. The IoT configuration transmits sensor
readings to a remote server (ThingSpeak) for visualization and storage, and a mobile HMI
(Virtuino) provides rapid prototyping and near-real-time monitoring. These design choices
address the adoption problem in PropTech: stakeholders require an intuitive display to
trust measurement evidence.

The dataset variables (Table 3) document the feature set used for reproducible analy-
sis. The analysis workflow reads the dataset (CSV), enforces data types, reports dataset
summaries (shape, dtypes, missingness), and generates exploratory plots (distributions,
scatter plots, and diagnostic plots). Feature scores are computed by comparing measure-
ments against operational bands, applying weights, and aggregating into an overall IEQ
score. The workflow includes sensitivity checks, uncertainty reporting, and modeling with
covariates (hedonic pricing) rather than relying on uncontrolled correlations.

Table 3. Dataset variable definitions (listing covariates and engineered IEQ features).

Variable Definition
Apartment id Unique apartment identifier
District District category (location control)
Area (m?) Apartment floor area (m?)
bedrooms Bedrooms (0 = studio)
bathrooms Bathrooms
Building age years Building age (years)
floor_level Floor level
Elevator Elevator available (0/1)
Parking Parking available (0/1)

Amenities count
Renovation status
Orientation
Distance to major road (m)
Road proximity (cat)
Distance to metro (m)
Temp mean c
Rh mean pct
pm25 mean (ug/ m?)
pm25 p95 (pg/m?)

pm25 exceed minutes (gt35)

Count of amenities
Renovation status (categorical)
Orientation (categorical)
Distance to major road (m)

Road proximity category (Near/Medium/Far)
Distance to metro/transit (m)
Temperature mean (°C)

Relative humidity mean (%)

PM2.5 mean (ug/m3)

PM2.5 95th percentile (pg/m?)
Minutes above PM2.5 > 35 pg/m? (100-min
window)
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Table 3. Cont.

Variable Definition
Sound mean (dba) Sound mean (dBA)
Sound p95 (dba) Sound 95th percentile (dBA)
Sound exceed minutes (gt55) Minutes above sound > 55 dBA (100-min window)
Lux mean [luminance mean (lux)

Gas proxy mean
Ieq mean score (0-100)
Ieq std score
Ieq good (pct)

Ieq mid (pct)

Ieq poor (pct)
Day ieq (score)
Night ieq (score)
Ieq sensor uncertainty (sigma)
Ieq ci95 low
Ieq ci95 high
Price per (m?)

Ieq pct (sum)

Gas/IAQ proxy (sensor units)
Composite IEQ mean score (0-100)
IEQ stability (std dev)
Proportion of time in ‘good” band
Proportion of time in ‘mid” band
Proportion of time in “poor” band
Daytime IEQ score
Nighttime IEQ score
Estimated IEQ uncertainty (sigma)
Lower 95% CI for IEQ
Upper 95% CI for IEQ
Outcome: price per m?
Check: good + mid + poor proportion sum

Prior to modelling, the analytical dataset was screened for data completeness, type

consistency, and implausible values. Variables were checked for missingness, range viola-
tions, and distributional irregularities. Records with incomplete core variables required for
the hedonic specification were excluded from the final modelling sample, while summary
diagnostics were used to identify unusually extreme observations. Because housing data
naturally contain heavy tails and market segmentation, extreme values were not removed
mechanically; instead, the modelling strategy relied on log transformation of price per
square meter, diagnostic plots, and cautious interpretation of residual-tail behavior. This
preprocessing approach was intended to reduce instability while preserving economically
meaningful heterogeneity.

Because the study uses a portable screening-oriented IEQ framework, the adopted
bands should be interpreted as operational thresholds for valuation-oriented comparison,
not as direct one-to-one substitutes for full building-performance compliance assessment.
Table 4 maps the study’s IEQ indicators and operational thresholds to external benchmark
frameworks to clarify their interpretive context.

Table 4. Alignment of study IEQ indicators with external benchmark frameworks.

IEQ Indicator

Study Metric/Threshold

External Benchmark

Used Context Relationship to Benchmark

Temperature

Relative humidity

PM2.5

PM10

16-24 °C operational band

Exceedance > 150 ug/ m3

A simplified fixed operational
band used for portable screening
rather than a full PMV /PPD
comfort model.

Used as a practical comfort and

ASHRAE 55 thermal
comfort framework

40-70% RH ASHRAE/ 1.nc100r comfort screening range for residential
guidance .
comparison.
WHO air-quality Used as an operational
Exceedance > 35 pg/m3 guidance/health-based exceedance indicator rather than
particulate framing a direct compliance judgment.
WHO/ambient Used as an operational

exceedance indicator for

particulate-health framing valuation-oriented reporting.
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Table 4. Cont.

IEQ Indicator Study Metric/Threshold External Benchmark Relationship to Benchmark
Used Context
) Implemented as a simplified
Sound 0-70 dB good band; >80 dB WHO noise-health context residential screening threshold for

health-risk band .
repeated indoor exposure.

A reproducible data model is recommended for replication and scaling. Each record
should contain: timestamp (UTC/local), apartment identifier, sensor readings (T, RH,
PM, lux, sound, gas proxy), device status (battery voltage, Wi-Fi signal), and metadata
(room type, placement height, proximity to windows/kitchen, and distance to vents). In
the expanded dataset, the modeling table also includes listing covariates (district, area,
rooms, age, floor, amenities, renovation status, and distances to road and metro) and
engineered IEQ features (means, volatility, exceedance minutes, band occupancy, and
uncertainty intervals).

2.5. Calibration and Quality Assurance

Low-cost sensors require calibration and baseline tests, especially when the objec-
tive is comparing homes and translating scores into valuation-relevant evidence. A suit-
able baseline protocol involves calibration in a controlled chamber (closed enclosure
~220 x 180 x 280 mm; ~11 L volume) using a zero-air generator that produces synthetic
carrier air with low hydrocarbon content (<~0.1 ppm) at 500 mL/min. Under such baseline
conditions, some parameters remain stable (temperature, light, sound), while particles, hu-
midity, and CO, show predictable declining trends. Close agreement between temperature,
humidity, and CO, readings and a reference instrument (CO210) in the calibration setting
supports the feasibility of this approach.

This study also reports informative behavior for multiple TVOC sensors: different
baseline values under the same environment, including a non-zero floor (~125 ppb) for
one sensor and an inconsistent baseline (~240 ppb) for another. This motivates uncertainty-
aware scoring and careful calibration protocols for gas/VOC indicators.

A practical two-level strategy is: (i) baseline tests (zero air; controlled tempera-
ture/humidity) to characterize offsets and stability, and (ii) side-by-side comparisons
with reference instruments (PM monitor, sound meter, lux meter) in representative home
conditions for 24-72 h. Measurement bias and variability should be propagated into the
IEQ score to produce confidence intervals rather than a single point score. A practical
implementation is Monte-Carlo propagation: sample plausible true values from sensor
error models and recompute the IEQ score repeatedly to obtain a score distribution and
a 95% interval. This uncertainty layer supports transparent interpretation and robust
decision-making.

The calibration protocol in this study should be interpreted as a pilot validation
procedure rather than a complete life-cycle sensor-certification framework. The zero-air
baseline tests and short-term side-by-side comparisons were intended to identify gross
offsets, stability issues, and approximate agreement under controlled conditions. However,
the study did not implement long-term drift correction, repeated field recalibration across
multiple environmental regimes, or full multi-scenario accuracy benchmarking. For this
reason, the uncertainty-aware IEQ layer was designed to partially account for measurement
imperfection at the scoring stage, but it should not be interpreted as a substitute for
long-horizon sensor characterization. Future work should include repeated recalibration,
drift-tracking schedules, and more formal propagation of sensor-specific error models into
the engineered IEQ features and downstream valuation estimates.
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2.6. IEQ Scoring, Bands, Weights, and Engineered Features

A transparent scoring system that maps heterogeneous sensor readings into a single
percentage score with qualitative bands. The scoring starts from 100% and subtracts
penalties based on whether parameters are outside the “good” band. Interpretability
rules are provided: all “good” — 100%, all “average” — ~80%, all “weak” — ~50%, all
“bad” — ~0%. This simplicity supports adoption in real-estate contexts where black-box
indices may be rejected by practitioners.

The operational “environmental” ranges and “risk” ranges for each parameter are
summarized in Table 5. The parameter weights used in the composite IEQ score are listed in
Table 6, and the corresponding qualitative score labels are defined in Table 7. These bands
and weights are prototype thresholds intended for valuation-oriented IEQ screening rather
than universal medical limits. Inequality formatting issues are clarified here as “outside
the target band.”

Table 5. IEQ bands used for scoring.

IEQ Parameter Environmental Band Health-Risk Band

Relative humidity 40-70% RH Outside 40-70% RH (<40% or >70%)
Temperature 16-24 °C Outside 16-24 °C (<16 °C or >24 °C)
PM2.5 <35 ug/ m3 >35 ug/ m3

PM10 <150 pg/m? >150 pg/m?

[luminance 200-500 lux <100 lux

Sound levels 0-70 dB >80 dB

Table 6. IEQ parameter weights.

Parameter Weight in IEQ (%) IEQ Sub-Domain

Relative humidity 10 Thermal comfort; indoor air quality
Temperature 20 Thermal comfort; indoor air quality
PM2.5 15 Indoor air quality

PM10 15 Indoor air quality

Numinance 20 Indoor lighting quality

Sound level 20 Acoustic comfort

Table 7. IEQ qualitative labels.

IEQ Score Range (%) Qualitative Label (as Printed)
0-40 Bad

40-60 Poor

60-70 Below average

70-80 Average

80-90 Above average

90-100 Good

Mean IEQ is informative but incomplete. Two apartments can share the same mean
score while offering different lived experiences due to spiky PM events, intermittent
ventilation, or periodic traffic noise. Therefore, the feature set includes: (i) IEQ volatility
(standard deviation), (ii) band occupancy (% time good/mid/poor), (iii) peak exposure
(PM2.5 P95; sound P95), (iv) persistence of exceedance (minutes above thresholds), and
(v) day vs. night splits. These features are computed directly from the same measurement
basis and can be incorporated into valuation modeling and richer inspection reports.

The economic rationale for these engineered features is that households do not experi-
ence indoor conditions purely as time averages. Repeated pollutant spikes, intermittent
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acoustic disturbance, and unstable comfort conditions may reduce perceived livability,
predictability, and willingness to pay even when mean conditions appear acceptable. From
a hedonic perspective, such metrics may therefore capture aspects of residential utility
that are closer to perceived nuisance, reliability, and exposure risk than simple averages
alone. Volatility reflects the consistency of experience, while exceedance duration reflects
the frequency and persistence of undesirable indoor states; both are plausible channels
through which IEQ can influence valuation judgments.

To isolate IEQ effects from confounders (especially location), valuation is modeled
using hedonic pricing with a log-linear specification:

log(price_per_m?) ~ district + structural attributes + accessibility + IEQ features.

Modeling proceeds in stages:

e  Baseline: district + area + rooms + building age + floor + elevator/parking + amenities
+ renovation + orientation + distances to road/metro.

e IEQ mean: adds IEQ mean score.

e  Stability/exposure: adds IEQ volatility and exceedance metrics (PM2.5 and sound
exceedance minutes).

e  Uncertainty: adds IEQ uncertainty (sigma) to reflect measurement confidence

The log-linear hedonic specification was selected as the primary baseline because
it provides interpretable proportional effects and is widely used in housing research.
However, it is not the only plausible functional form for heterogeneous real-estate markets.
Nonlinear, semiparametric, quantile, or interaction-based models may reveal price-segment-
specific IEQ effects that are not captured by a single global linear specification. These
alternatives are identified as important directions for future model comparison rather than
fully developed components of the present pilot study.

3. Results
3.1. Sample Characteristics and Distributional Overview

Section 3 presents the results in a stepwise manner, moving from dataset structure
to controlled valuation inference. It first summarizes the 244-apartment sample and key
variable distributions, and then examines district-level heterogeneity to separate location
effects from indoor comfort signals. Next, it reports exploratory bivariate patterns and
exposure plausibility checks, followed by the core hedonic model comparison (baseline
vs. IEQ-augmented) to test whether IEQ contributes incremental explanatory value after
standard controls. The section concludes with uncertainty and diagnostic results and a
practical reporting output, so findings are interpreted not only statistically but also in terms
of decision use in real-estate workflows.

Figure 3 indicates a wide and non-normal price-per-m? distribution, with visible
clustering that suggests segmented submarkets rather than a single homogeneous mar-
ket. The broad spread implies strong cross-neighborhood and structural heterogeneity in
valuation conditions. This supports treating location and housing attributes as primary
controls before evaluating IEQ effects. The right-tailed pattern also motivates using log
(price per m?) to improve model stability and reduce tail leverage. Accordingly, subsequent
analyses estimate IEQ effects within a controlled hedonic framework, not from pooled
bivariate patterns.

Figure 4 shows the same variable after logarithmic transformation. The log scale
compresses the upper tail and reduces dispersion imbalance between lower- and higher-
price segments, yielding a distribution that is more regular for regression modeling. This
supports the use of a log-linear hedonic specification for three reasons: (i) improved vari-
ance stability, (ii) reduced leverage from very high-price observations, and (iii) coefficient
interpretation in proportional terms. Therefore, subsequent inference is based on controlled
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models with district and structural covariates, while Figures 3 and 4 serve as diagnostic
evidence for functional-form choice rather than standalone valuation conclusions.
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Figure 3. Distribution of (price per m?).
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Figure 4. Distribution of log (price per m?).

Figure 5 indicates that IEQ mean values are concentrated in the mid-to-high range
(roughly around the 70s to low 80s), with thinner tails at very low and very high scores.
This pattern suggests two important points for the valuation analysis. First, the dataset
contains meaningful comfort variation, but not extreme polarization, which is realistic for
occupied urban apartments where minimum livability standards are often met, but quality
still differs materially. Second, because most observations cluster in a relatively narrow
central band, small score differences should be interpreted cautiously unless supported by
uncertainty intervals and controlled models.

Methodologically, this distribution supports treating the IEQ mean as an informative
but moderate-signal predictor rather than a dominant standalone driver of price. It also
motivates adding complementary IEQ dimensions, stability, exceedance duration, and
uncertainty, since homes with similar mean scores may still differ in lived comfort and
perceived value. In short, Figures 5 and 6 motivate using both mean IEQ and stability
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features: mean captures overall comfort level, while stability captures temporal consistency
that averages alone can miss.
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Figure 5. Distribution of IEQ mean score (0-100).
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Figure 6. Distribution of the IEQ stability metric.

The final analytical sample includes 244 apartments across 12 districts (District_01-
District_12), with both structural /location covariates and engineered IEQ features. Descrip-
tive statistics show substantial heterogeneity in housing attributes and indoor conditions,
which supports model identification and reduces the risk of trivial findings from narrow
sampling. Price per m? shows a wide spread, while IEQ mean scores also vary meaningfully,
indicating non-trivial comfort variation across units.

3.2. Spatial Heterogeneity: District-Level Price and IEQ Patterns

Figure 7 shows a clear district hierarchy in housing values, with median prices decreas-
ing systematically from top-tier to lower-tier districts. This confirms that location is the
dominant first-order determinant of price per m? in the sample. The separation of medians
and interquartile ranges across districts indicates strong between-district heterogeneity,
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while the within-district spread indicates that meaningful variation remains even among
units sharing the same district label.
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Figure 7. Price per m? by district (boxplot). Boxes show the interquartile range with the median
indicated by the central line; whiskers indicate the non-outlier range, and circles indicate outliers.

For model design, this figure has two implications. First, district controls (or fixed ef-
fects) are mandatory; without them, any pooled IEQ-price association would be structurally
confounded and potentially misleading. Second, the remaining within-district dispersion
is exactly where incremental features such as IEQ can add value: IEQ is not expected to
replace location effects, but to explain residual differences among otherwise comparable
units. Therefore, Figure 7 supports the research’s identification strategy estimate IEQ
effects conditionally (within a controlled hedonic framework), rather than interpreting
unconditional correlations as valuation evidence.

Figures 8 and 9 jointly show that IEQ and price vary across districts but do not move
in a strictly one-to-one manner. The district boxplots indicate meaningful within-district
dispersion in IEQ (different comfort conditions among homes in the same location), while
the district-level bubble plot shows that high-IEQ districts are not always the highest-
price districts, and some lower-IEQ districts still command relatively high prices. This
non-monotonic pattern is important: it confirms that location and market status remain
dominant pricing drivers, but IEQ provides an additional, non-redundant layer of informa-
tion rather than a simple proxy for district prestige. Methodologically, these two figures
justify the modeling strategy used in the research—district controls to absorb location
effects, plus IEQ terms to explain residual value differences within and across districts.

3.3. Uncontrolled Association Is Not Sufficient Evidence

Figures 10 and 11 show that, in pooled data, the unconditional IEQ—-price relationship
is weak and slightly negative in both level and log-price forms; however, this should be
interpreted as a confounded descriptive pattern rather than evidence against the valuation
hypothesis. The broad vertical spread at nearly every IEQ value indicates that major
determinants of price (district, building characteristics, and amenity structure) are driving
most between-unit differences, while IEQ likely operates as a secondary marginal factor.
The persistence of a mild negative slope after log transformation indicates that functional-
form correction alone does not remove omitted-variable bias. Therefore, these figures
justify the core econometric strategy of the research: estimate IEQ effects only in controlled
hedonic models with district and structural covariates, and interpret pooled scatterplots as
diagnostic context, not as causal or policy-relevant inference.
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Figure 8. IEQ mean by district (boxplot). Boxes show the interquartile range with the median
indicated by the central line; whiskers indicate the non-outlier range, and circles indicate outliers.
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Figure 9. District-level mean price vs. district-level mean IEQ.
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Figure 10. Price per m? vs. IEQ mean (pooled, uncontrolled). Dots represent individual apartment
observations, and the solid line indicates the fitted linear trend.
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Figure 11. log (price per m?) vs. IEQ mean (pooled, uncontrolled). Dots represent individual
apartment observations, and the solid line indicates the fitted linear trend.

3.4. Environmental Plausibility of Exposure Features

Figures 12-15 collectively validate the environmental logic of the engineered IEQ
features and explain why exposure/stability metrics are necessary beyond simple averages.
The PM2.5-road-distance and sound-road-distance plots (12, 13) show expected spatial
behavior—units closer to major roads tend to experience higher pollutant and acoustic
burden—supporting construct validity of the sensing pipeline. The price-versus-exceedance
plots (14, 15) are highly zero-inflated, with many observations at zero exceedance minutes
and a smaller tail of high-exceedance cases; this indicates threshold events are relatively
infrequent but potentially consequential, and that exceedance duration should be modeled
as a non-linear or semi-discrete feature rather than a purely linear continuous regressor.
Figure 16 then provides the key methodological insight: two units can have similar IEQ
mean scores yet materially different volatility, high-percentile peaks, and exceedance
durations, implying different lived risk profiles despite comparable averages. Together,
these figures justify the research’s feature strategy and interpretation framework: IEQ
mean captures baseline comfort, while exceedance and stability variables capture reliability
and episodic exposure burden that are more behaviorally and valuation-relevant in real
housing decisions.
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Figure 12. PM2.5 mean vs. distance to major road.
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Figure 13. Sound mean vs. distance to major road.
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Figure 14. Price per m? vs. PM2.5 exceedance minutes.
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Figure 16. Similar IEQ mean, different stability /exposure profiles.

3.5. Uncertainty and Diagnostic Adequacy

Figures 17-20 together support model reliability and interpretation discipline rather
than headline effect claims. The IEQ uncertainty-interval plot (Figure 17) shows that score
differences across units are not equally precise, so ranking homes by point estimates alone
can be misleading; uncertainty-aware reporting is therefore essential for fair comparison
and certificate design. The residuals-versus-fitted plot (Figure 18) suggests no severe struc-
tural misspecification, though variance is somewhat uneven across fitted ranges, which
is typical in housing data and supports robust standard errors. The QQ plot (Figure 19)
shows approximate central normality with noticeable tail departures, indicating that in-
ference should emphasize coefficient stability and robustness checks rather than strict
Gaussian assumptions. Finally, the correlation heatmap (Figure 20) confirms coherent
feature blocks (size/amenity /location and IEQ-related constructs) while also flagging pre-
dictable collinearity among derived IEQ components, justifying careful variable selection
and regularized /parsimonious specifications in the full hedonic model.
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Figure 17. IEQ uncertainty intervals. Dots indicate the central IEQ score estimate for each unit, and
vertical lines indicate the corresponding uncertainty interval.

The residual and QQ diagnostics suggest that tail deviations remain, which is expected
in housing data and reinforces the need for robustness checks in future extensions.

3.6. Results Synthesis

Tables 8-10 jointly summarize the core findings. Table 8 reports the main regres-
sion drivers and shows that traditional controls (renovation, amenities, floor level, metro
distance) dominate statistical significance, while IEQ terms are directionally consistent
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but weaker individually. Table 9 provides representative high-IEQ apartment profiles,
illustrating that strong IEQ can appear across different price tiers. Table 10 compares model
variants and shows modest in-sample fit gains (R? /AIC/BIC) when IEQ layers are added;
however, cross-validated prediction gains are limited, indicating IEQ adds explanatory
structure more than large out-of-sample forecasting improvement.
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Figure 18. Residuals vs. fitted values (full model).

0.3 7

Sample Quantiles

—0.4 A

-2 -1 0 1 2
Theoretical Quantiles

Figure 19. QQ plot of residuals (full model). Dots represent the ordered residual quantiles, and the
red line indicates the normal-reference line used to assess departure from normality.
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Figure 20. Correlation heatmap (numeric variables).
Table 8. Top model drivers.
Term Coef t p
Intercept 9.72546 60.41349 0.0
C (renovation status
(reno ) —0.08039 —4.02718 6 x107°
[T.Original]
Amenities count 0.01062 3.42566 0.00061
Floor level 0.00272 2.92552 0.00344
Distance to metro (m) —4 % 10°° —2.45613 0.01404
C (renovation status
( . ) —0.04977 —2.36461 0.01805
[T.Partially Renovated]
Ieq sensor uncertainty sigma —0.0146 —1.86148 0.06268
Ieq std score —0.00671 —1.65239 0.09846
Building age years —0.00231 —1.61187 0.10699
bedrooms —0.00825 —1.34543 0.17848
Ieq mean score (0_100) 0.00244 1.32609 0.18481
C (orientation) [T.N] 0.02366 1.09368 0.2741
C (orientation) [T.NW] —0.02123 —0.84328 0.39907
Distance to major road (m) -3 x10°° —0.82039 0.41199
C (orientation) [T.SE] —0.02033 —0.71492 0.47466
pm25 exceed minutes (gt35) 0.00135 0.50194 0.61571
Sound exceed minutes (gt55) —9x107° —0.12863 0.89765
Table 9. Representative high-IEQ apartments (top sample rows).
Ieq pm25 Sound
I Price Mean leq I.e ! I.e ! pm25 Exceed Sound Exceed Temp Rh Lux
Apartment_Id  District 2 Std ci95 ci95 p95 . P95 . Mean  Mean
(per m?) Score s L Hich 3 Minutes db. Minutes Mean
(0.100) core)  (Low)  (High) (pg/m’) (gt35) (dba) (gt55) () (pct)
A0167 District_04 13,348 93.68 6.53 87.45 99.90 8.63 0 50.24 6 24.81 51.7 275.2
A0174 District_ 04 12,463 92.06 411 81.92 100.00  19.63 0 50.08 0 2374 50.1 196.7
A0123 District_01 20,518 91.93 221 86.58 97.28 8.59 0 55.46 5 2422 52.0 268.1
A0172 District_04 17,377 91.70 3.61 81.87 100.00 21.35 0 57.68 15 2421 434 241.3
A0003 District_05 32,151 89.99 4.29 85.08 94.90 20.16 0 51.28 0 24.05 44.6 157.0
A0002 District 05 31,246 89.95 3.40 82.70 97.21 29.53 8 51.97 0 2410 464 379.5
A0120 District 01 20,607 89.94 8.01 82.34 97.54 10.62 0 41.29 0 2490  50.6 4220
A0122 District_01 20,504 89.14 2.00 81.56 96.72 10.65 0 40.12 0 24.63 53.6 384.3
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Table 10. Hedonic model comparison metrics.

Model R Adj. R? AIC BIC CVRMSE  CV RMSE

(log) (Price/m*)
Baseline controls 0.9527 0.9461 —438.8751 —330.4629 0.0985 1626.2720
IEQ mean 0.9534 0.9466 —440.4225 —328.5132 0.0985 1643.1367
Stability + exposure 0.9547 0.9474 —441.4062 —319.0053 0.0979 1665.5893
Uncertainty (full) 0.9555 0.9480 —443.7458 —317.8478 0.0979 1677.9666

4. Discussion

The findings indicate that pooled, bivariate IEQ-price relationships are not sufficient
to evaluate comfort-aware valuation in urban housing markets. In the present dataset,
district and structural housing characteristics account for a large share of price variation,
and these factors can be correlated with indoor environmental conditions in non-uniform
ways. Consequently, interpretation should prioritize controlled hedonic specifications
rather than raw scatter patterns. Under covariate and district controls, IEQ-related terms
provide a directional incremental signal; however, this signal is modest and should be
interpreted cautiously given mixed out-of-sample behavior and non-significant coefficients
for some IEQ terms. This pattern suggests that IEQ is not a dominant price driver, but a
secondary and non-redundant attribute that can improve differentiation among otherwise
comparable units.

A second contribution is methodological: valuation relevance appears stronger when
IEQ is represented not only by mean comfort, but also by stability, exceedance, and un-
certainty descriptors. These features better reflect lived experience (e.g., episodic PM
and noise burdens) and produce more defensible reporting than single-point scores. In
valuation terms, they may proxy the difference between an apartment that is “acceptable
on average” and one that is “reliably comfortable,” which is more likely to matter in
buyer perception and market differentiation. From an implementation perspective, the
proposed workflow—portable sensing, transparent scoring, and privacy-preserving edge
aggregation—offers practical PropTech utility for inspection and listing contexts. Key limita-
tions remain, including cross-sectional design, potential unobserved confounders, window
representativeness, and low-cost sensor drift. Future work should prioritize transaction-
linked longitudinal data, seasonal repetition, robustness diagnostics, and intervention-
based designs to estimate where IEQ contributes materially to market outcomes.

The residential relevance of IEQ may also have increased in the post-pandemic period,
when home environments became more multifunctional spaces for work, study, care,
and prolonged daily occupancy. Under these conditions, indoor comfort and exposure
quality are less likely to be perceived as secondary amenities and more likely to affect
everyday utility, productivity, and housing preference. Recent work on human-centric
urban activity patterns has similarly shown that shifts in daily routines, remote work,
and time allocation can reshape expectations of residential comfort and neighborhood
utility [61]. This broader context helps explain why IEQ may matter even if it remains
weaker than location and structural variables in formal pricing models: as time spent at
home increases, buyers may assign greater value to stable ventilation, low noise burden,
and predictable comfort conditions.

Several limitations should therefore be interpreted explicitly. First, the sample is an
exploratory district-stratified pilot dataset rather than a probability-based representation
of the full Tehran housing market, so external generalization should be made cautiously.
Second, IEQ is inherently dynamic not only within the day but also across seasons due
to changing outdoor air quality, occupancy patterns, thermal behavior, and ventilation
practices. Although the study incorporates day/night splits and short-window temporal
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descriptors, these do not substitute for repeated measurement across different seasons. The
present results should therefore be interpreted as cross-sectional evidence under a limited
temporal frame rather than as seasonally stable estimates of comfort-related valuation
effects. Future work should prioritize transaction-linked longitudinal datasets, multi-
season repeated measurement, and household-segment analysis to test whether IEQ-related
price sensitivity strengthens under different occupancy and lifestyle conditions.

A further methodological limitation is that long-term sensor drift and multi-scenario
recalibration were not modeled explicitly, so the uncertainty framework should be inter-
preted as partial rather than exhaustive error propagation.

Another limitation is that the analysis focuses on a log-linear hedonic model and
does not yet test quantile, nonlinear, or semiparametric alternatives. As a result, the study
identifies average conditional relationships but cannot determine whether IEQ carries
stronger or weaker importance at different points of the price distribution.

Although the model includes district, structural, accessibility, and amenity variables,
it does not fully capture all potentially relevant confounders. Unobserved neighborhood-
quality dimensions, property-management quality, micro-location prestige, building-service
conditions, and surrounding urban facilities may still influence price and may correlate with
indoor conditions. Therefore, the results should be interpreted as conditional evidence under
an incomplete but practically relevant control set, not as fully causal identification.

This worked example (Table 11) translates model coefficients into a practical market
interpretation. Holding all baseline controls constant, Apartment B (higher IEQ mean, lower
IEQ volatility, and lower IEQ uncertainty) is predicted to have a 4.31% higher price per
m? than Apartment A (approximately +862/m? at a 20,000/m? baseline). This controlled
example supports the interpretation that IEQ provides incremental valuation signal beyond
standard structural and location factors. Predictive-performance improvement for the
model itself is evaluated separately in Table 10 using R?, AIC/BIC, and cross-validated
RMSE metrics.

Table 11. Controlled Two-Apartment Comparison Under the Full IEQ Hedonic Model.

Contribution to

Component Apartment A Apartment B A (B —A) Coefficient (3) Aln(Price) = § x A
%3 ooy e 76.00 86.00 +10.00 +0.00244 +0.02440
IEQ stability (IEQ std) 7.00 5.00 —2.00 —0.00671 +0.01342
IEQ uncertainty 1.10 0.80 —0.30 —0.01460 +0.00438
(sigma)
Total effect Aln(Price) = 0.04220
Price multiplier exp(0.04220) = 1.04310
Ba.sehne predicted 20,000.00,/m>
price (same controls)
Predicted price for 2
Apartment B 20,862.00/m
Predicted difference +862.00/m? +4.31%

(B-A)

Note: In this illustrative comparison, all baseline control variables are held constant across both apartments,
including district fixed effects, area, bedrooms, bathrooms, building age, floor level, elevator, parking, renovation
status, amenities count, distance to metro, distance to major road, and orientation. Therefore, the estimated price
difference reflects only IEQ-related terms (mean IEQ, IEQ stability, and IEQ uncertainty) from the full model.

5. Conclusions

This study developed an IEQ-aware residential valuation framework that integrates
low-cost IoT sensing, transparent feature engineering, and controlled hedonic modeling
for 244 apartments across 12 districts in Tehran. The evidence indicates that raw pooled
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IEQ-price associations are weak and confounded by location and structural housing at-
tributes. After introducing standard controls, IEQ variables provide a positive directional
and incremental explanatory signal, particularly through mean comfort, stability, and
uncertainty-related features. However, these effects are not consistently statistically sig-
nificant across specifications, and out-of-sample prediction gains are limited relative to
in-sample fit improvements.

Accordingly, IEQ should be interpreted as a secondary but non-redundant value layer
rather than a dominant forecasting driver in residential pricing. The practical contribution
is a deployable PropTech workflow—portable sensing, interpretable scoring, and privacy-
preserving aggregation—that can improve transparency in inspection and listing contexts.
Given the cross-sectional observational design, causal claims are not made. Future work
should prioritize larger transaction-linked datasets, longitudinal /seasonal measurement,
non-linear exceedance modeling, and intervention-based validation to estimate when and
where IEQ materially affects market outcomes.
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Abbreviations

The following abbreviations are used in this manuscript:

AIC Akaike Information Criterion

ASHRAE  American Society of Heating, Refrigerating and Air-Conditioning Engineers
BH1750 Digital illuminance (lux) sensor module

BIC Bayesian Information Criterion

BIM Building Information Modeling

CO, Carbon dioxide

C0O210 Reference CO, instrument (as cited in calibration description)
Csv Comma-Separated Values

DHT22 Digital temperature and relative humidity sensor

EN European Norm (European standard)

ESP32 Espressif 32-bit microcontroller family

HMI Human-Machine Interface

HVAC Heating, Ventilation, and Air Conditioning

T1AQ Indoor Air Quality

TIEQ Indoor Environmental Quality

IoT Internet of Things

MQ135 MOS gas sensor used as a qualitative IAQ proxy
OLED Organic Light-Emitting Diode (display)
OSHA Occupational Safety and Health Administration

OT™™ OSHA Technical Manual

P95 95th percentile

PM Particulate Matter

PM1 Particulate matter with aerodynamic diameter < 1 um
PM2.5 Particulate matter with aerodynamic diameter < 2.5 pm
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PM10 Particulate matter with aerodynamic diameter < 10 um
PMS5003 Plantower particulate matter sensor module
QQ Quantile—Quantile (plot)

RH Relative Humidity

RFID Radio-Frequency Identification

RMSE Root Mean Squared Error

R? Coefficient of determination

TVOC Total Volatile Organic Compounds

Ul User Interface

USB Universal Serial Bus

UTC Coordinated Universal Time

VLC Visible Light Communication

vVOC Volatile Organic Compounds

WHO World Health Organization
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