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Abstract

Machine learning (ML) models can complement traditional measurement-based approaches
by supporting large-scale screening, spatial analysis, and prioritization of buildings for
testing of indoor radon, a leading cause of lung cancer among non-smokers. Originating
from uranium decay in soil and rock, radon enters homes via foundation cracks and
accumulates indoors, influenced by building characteristics, ventilation, urbanization, and
geogenic factors. As part of the Zagreb pilot within the “Evidence Driven Indoor Air
Quality Improvement” (EDIAQI) project, this is the first ML application for indoor radon
analysis in Croatia. This research evaluates residential indoor radon concentrations in
Zagreb using ML applied to a dataset of 80 households. Several linear regression and
tree-based ensemble methods were tested. The best-performing model (GBR) achieved an
R? of 0.99 on the training set and 0.57 on the test set, with an RMSE of 33 Bq/m® and MAE
of 26 Bq/m?>. Although predictive performance was moderate and generalization limited,
key building characteristics such as construction year, dwelling type, occupancy details,
and floor level were identified as relevant variables. The results suggest that machine
learning may support radon risk prioritization in urban environments, but cannot replace
direct measurements for regulatory purposes.

Keywords: radon; indoor air; machine learning; radioactivity; dwellings

1. Introduction

Machine learning models have emerged as a powerful alternative to traditional mech-
anistic approaches for the evaluation and prediction of indoor air quality [1,2]. Using these
advanced computational algorithms, researchers can analyse complex datasets that in-
clude a wide range of environmental, geological, and structural factors influencing hazard
concentrations. Radon is a recognized human carcinogen with a long-standing history of
regulation in numerous countries. Within the broader framework of indoor air quality
(IAQ), it is increasingly assessed in conjunction with other pollutants such as particulate
matter (PM; 5 and PMjg) and carbon dioxide (CO,), despite its regulatory history being
considerably longer [2]. Integrating machine learning approaches can support and optimize
measurement campaigns by prioritizing buildings and regions for testing of radon over tra-
ditional measurement methods that require extensive fieldwork. Moreover, as these models
incorporate larger and more diverse datasets, they hold significant potential to enhance
public health initiatives aimed at reducing radon exposure and related risks. Contrary to
the conventional U.S. practice, which extensively employs large-scale short-term radon
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measurements [3], the current study does not advocate for substituting measurement-based
radon testing. Rather, machine learning methodologies are explored as decision-support
instruments aimed at assisting in risk assessment, mapping, and decision-making.

Radon is a naturally occurring radioactive element originating from the decay chain
of uranium and is present in soil and rock formations. Given that a substantial portion of
time is spent indoors, exposure to radon through inhalation has emerged as a critical public
health concern within indoor environments. Radon gas generated in soil and bedrock
migrates towards the surface and enters residential structures through foundation and
basement fissures, driven by pressure differences induced by temperature and wind, where
it can accumulate to concentrations that pose significant health risks [4-6]. Secondary
sources of indoor radon include certain building materials with elevated radionuclide
content, groundwater supplied from private wells, natural gas, and outdoor air. Indoor
accumulation depends on air exchange [6-9] with usually lower radon outdoor air and is
therefore controlled by building air tightness and ventilation rate, leading to systematic
vertical gradients in multi-story buildings, where lower floors tend to show higher radon
concentrations than upper floors [5,10,11].

Identified by the World Health Organization (WHO) [12] as a major indoor air pollu-
tant and classified as a Group 1 carcinogen by the International Agency for Research on
Cancer [13], radon is the leading cause of lung cancer among non-smokers and may also
contribute to the incidence of childhood leukemia [14-17]. Gaskin et al., 2018 [18] estimated
that global lung cancer mortality attributable to residential radon exposure amounts to
226,000 deaths annually across 66 countries (with sufficient radon data), representing 74%
of the global population. Most of these fatalities are caused by the synergistic effects of
smoking and radon exposure. Under Directive 2013/59/Euratom, the European Union
(EU) established a maximum reference level of 300 Bq/ m? for both residential and indoor
workplaces [19].

Recently, Tsapalov et al. [20] presented “The Rational Method”, a protocol that pro-
vides a rigorous framework for indoor radon conformity assessment based on measurement
uncertainty and decision reliability. Such protocols are essential for regulatory compliance.
However, the progress is dependent on the national radiation risk regulators, who need to
work towards providing effective services for testing and safeguarding buildings against
radon, which would be affordable for the public. Data-driven approaches such as ML
can support these measurement frameworks by optimizing survey design and targeting
high-risk areas.

Modern machine learning (ML) models for radon prediction typically incorporate
different predictor categories to account for the complexity of modelling radon. Building
characteristics such as building type (e.g., detached house vs. apartment), construction
year, floor level, basement presence, and structural properties, modify radon transmission
from soil to indoor air and are repeatedly linked to concentrations in large epidemiological
and survey-based studies [5,21-26]. Land use and urban form indicators capture contrasts
between rural/metropolitan areas and dense urban zones. Regions with lower imper-
viousness (often rural or some metropolitan) exhibit higher indoor radon levels due to
stronger influence from undisturbed soils [10,27,28]. Alongside building characteristics and
urbanization proxies, geogenic factors such as uranium content, soil permeability, geology,
and proxies for geogenic radon potential consistently rank as important determinants,
reflecting the ground as the primary source of indoor radon [28-32].

Empirical comparisons show that ML approaches generally outperform classical linear
regression in radon prediction [17,21]. Decision tree ensembles such as Random Forest
(RF) and Extreme Gradient Boosting (XGB) are widely used models because they capture
interactions and non-linearities without strong distributional assumptions and handle
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mixed-type predictors with relative ease. Studies from several European and Asian settings
report that RF and XGB achieve substantially higher validation R? values than linear
models. For example, a Swiss study [33] observed that RF nearly doubled the explained
variance relative to a linear baseline (validation R20.31 vs. 0.15), illustrating the benefit
of flexible non-parametric methods for exposure modelling. Random Forest has been
used for national-scale radon mapping and household-level concentration estimation,
where its ensemble structure helps stabilize predictions across heterogeneous regions and
building types [34,35]. In large, data-rich national datasets, XGB-type boosted tree models
have also shown promising discriminatory performance for classifying dwellings above
regulatory reference levels or within higher radon categories, although such results depend
on substantial sample sizes and detailed covariate information [4,34,36].

Even though numerous studies have investigated indoor radon predictions using
machine learning models, this study is the first application of such methods for the analysis
of indoor radon that has been done within Croatia. As part of the EDIAQI (Evidence
Driven Indoor Air Quality Improvement) project, the investigation encompassed radon
measurements conducted in residential properties across the city of Zagreb and Zagreb
County. The locations of the measurements were selected based on the voluntary participa-
tion of individuals interested in indoor air quality through the EDIAQI project [37]. The
aims of this study were to measure the activity concentrations of 2?’Rn within household
environments and to use machine learning to explore how various factors, such as floor
level, dwelling type, and building age, affect radon levels and consequently model per-
formance. Given the challenges of advanced radon modelling, a household-level dataset
with building and occupancy details is needed to develop and compare multiple models.
While ML models can explore associations at the household level, predictive performance
typically remains insufficient for regulatory identification of individual hazardous build-
ings. Therefore, the results should be interpreted as probabilistic risk indicators rather than
compliance determinations.

The limitations of this study include a short measurement duration (about 90 days),
which creates temporal uncertainty in estimating annual average radon concentration [38],
and a limited number of dwellings pre-determined by the project pilot study.

2. Materials and Methods
2.1. Sampling and Data Acquisition

Activity concentrations of ???Rn were measured using solid-state nuclear track de-
tectors (SSNTDs), the CR-39 type (Radosys Inc., Budapest, Hungary). The detectors were
distributed within the dwellings and were exposed on average for 90 days. They were
placed in living rooms or bedrooms on a shelf or in a cupboard at about 1.5-2 m height.
After exposure, the detectors were delivered to the laboratory and chemically etched. The
etching process is done with 6 M NaOH at 90 °C for 5 h, followed by neutralization (0.1 M
HC1l) and washing with dH,O. After drying the detectors, the tracks were counted using
an automatic microscope (Radometer, Radosys Inc., Budapest, Hungary). The activity
concentration of 2?Rn was calculated using Equation (1):

(”g —mp)-Fe

E p—
t-SssNTD

(1)

where:

e ng—number of tracks after the exposure
e  mpy—number of background tracks
e  F.—calibration factor (in track number per cm?/Bq/h/m?)
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e t—exposure time (h)
e  SgsnrTp—detector surface

The measurement uncertainty of 222Rn activity concentration (C) is calculated accord-
ing to Equation (2):

u(C) = \/(ng - %) ‘w? + fz'ufel(w) )
where:
uly (W) = 12 (Fe) 4 12, (SssNTD) + 1oy (£) 3)

e 12 (F.)—calibration factor uncertainty (F.) (5%)

e 12 (S)—detector surface uncertainty (S) (5%)

® ufel (t)—exposure time uncertainty.

All the results of 222Rn activity concentration are shown with expanded measurement
uncertainty with a coverage factor of k = 2. Detection limit for 90-day exposure is 5 Bq/m?.
The method is accredited according to the ISO 11665-4:2021 standard [39], and the laboratory
is accredited according to the HRN EN ISO/IEC 17025:2017 standard [40]. As part of the
Zagreb pilot within the EDIAQI project, indoor air quality measurements, including indoor
radon measurements, in voluntary participation households across Zagreb City and Zagreb
County. The detectors were placed in households, considering the uniform coverage
of samples in the area. Considering usable samples for detector preservation (lost or
damaged detectors) and predictor-variable data availability, 80 households were selected
for this study (Figure 1, generated in Jupyter notebook using Urban Atlas and approximate
dwelling coordinates) [41].

Figure 1. Measurement locations (red dots—sampling sites, urban area—purple; roads—grey;
industrial /commercial area—orange; green/nature—green; water—blue).

https://doi.org/10.3390/environments13030144


https://doi.org/10.3390/environments13030144

Environments 2026, 13, 144

50f17

2.2. Statistical Analysis and Data Pre-Processing

All analyses were performed in Python (v3.11) using the packages pandas [42],
NumPy [43], SciPy [44], Statsmodels [45], Matplotlib [46], and Seaborn [47,48], while
Scikit-learn [49] was used for modelling. The dataset comprised indoor radon concen-
trations and contextual predictor variables. Household type was described as a binary
is_apartment variable categorizing house vs. apartment dwellings, while year repre-
sents the construction year of the dwelling. Even though measurements were carried
out over about 90 days, there was variability in the duration of measurement, so it
was included as a potential exposure proxy. Urban form was characterized using the
Copernicus Urban Atlas [41] land cover/land use dataset for the Zagreb Functional Ur-
ban Area by spatially joining approximate dwelling coordinates to the corresponding
land-use polygons, from which we derived categorical indicators of dominant residential,
mixed, and non-residential zones around each dwelling (ua_roads, ua_green_urban_nature,
ua_urban_highsl, ua_industrial_commercial). These Urban Atlas classes were used solely
as contextual, area-level predictors and do not contain information on geogenic radon
emission or radon potential. Prior to statistical analysis, the dataset underwent a systematic
cleaning procedure to ensure the validity and robustness of the results. Descriptive statistics
(mean, standard deviation, quartiles, interquartile range, and percentiles) summarized
the central tendency and dispersion of radon activity concentrations. Measured radon
values showed pronounced right skew (Shapiro-Wilk W = 0.811, p < 0.001), indicating
non-normality, prompting the use of non-parametric methods. Exploratory nonparametric
analyses included Kruskal-Wallis tests for categorical predictors (e.g., household type),
Spearman correlations for ordinal or continuous variables (e.g., floor, year), and robust
ordinary least squares regression (with heteroscedasticity-robust standard errors). Variables
with consistent physical interpretation and stable statistical behavior were retained for
multivariable modelling.

Radon concentrations were log-transformed prior to model fitting. This transformation
is commonly used in environmental and exposure modelling to address right-skewed
distributions and approximate homoscedastic residuals [50]. All numeric predictors were
treated as continuous features and scaled within the modelling pipeline, and categorical
variables were encoded using one-hot representation so that linear and tree-based models
could incorporate group-specific shifts in radon levels. For interpretability of performance,
predictions were back-transformed to the original scale, and error metrics were reported
on the raw scale.

2.3. Machine Learning

This study investigated two different regression model families, beginning with linear
models, namely linear regression, ridge regression with ¢2 regularization (optimized via
grid search over ), and lasso regression with /1 regularization (optimized via grid search
over «). Linear models provide a transparent baseline and are standard for radon prediction
in epidemiological and exposure studies [51]; however, they tend to be more accurate
for rooms with low radon concentrations and less so for high concentrations, making
them suitable as simple screening tools rather than precise predictors for extreme values.
Seasonal measurements have been shown to be representative of annual values in this
context, supporting their use in a linear regression framework [52,53]. In addition, Vukotic
et al., 2021 [22] implemented a logistic regression approach, selecting five explanatory
variables (city, building type, basement, window frame, and construction period) to predict
the probability of indoor radon concentrations exceeding 200 Bq/m?® among 734 buildings,
a model that could be generalized to other cities.
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Alongside linear regression models, tree-based ensemble methods were investigated,
including both bagging and boosting approaches. Random Forest Regression (RFR), a
bootstrap-aggregated ensemble of decision trees, has the ability to reduce variance in
complex datasets by averaging over many decorrelated trees. It is a widely used and
well-proven algorithm due to its ease of training and implementation, requiring less pre-
processing [35]. In comparison, Gradient Boosting Regressor (GBR) constructs an additive
ensemble of shallow decision trees by sequentially fitting each tree to the negative gradi-
ents of the squared error loss function, thereby minimizing residuals through step-wise
optimization. Similarly, Extreme Gradient Boost Regressor (XGB) [54], a scalable and
regularized gradient-boosting implementation, extends this approach with ¢1 and ¢2 reg-
ularization on leaf weights, second-order gradient approximations via Taylor expansion,
and tuneable parameters such as maximum tree depth, learning rate (shrinkage), and sub-
sample ratios, making it highly effective for tabular data prediction [16,36,55,56]. Quantile
Random Forests (qRF), first introduced by Meinshausen, 2006 [57], give a non-parametric
and accurate way of estimating conditional quantiles for high-dimensional predictor vari-
ables and have been previously used in mapping the condition distribution of outdoor
radon [58]. For the purpose of this study, specifically, the median (50th percentile) Quantile
Random Forest (QRF-50th) was used.

Model validation is one of the most important parts of building a machine learning
algorithm, ensuring robust generalization through sensible data-splitting strategies, with
cross-validation (CV) standing as one of the most prevalent methods for model selection and
performance estimation [11,59,60]. To mitigate variability from random splits, particularly
in small datasets similar to ours, hyperparameter tuning was conducted via repeated 5-fold
CV with 5 repetitions (5 x 5 CV), optimizing negative mean absolute error (neg-MAE)
on the log-transformed target variable. Hyperparameter tuning of linear models was
conducted with regard to the prevention of memorization and enabling sparsity:

e Ridge {“model__alpha”: [0.1,1, 5, 10, 100]}
e Lasso {“model__alpha”: [0.001, 0.01, 0.05, 0.1]}

Hyperparameters for the tree ensembles were tuned using conservative settings.
Gradient Boosting used moderate n_estimators [150-600], with slow learning_rates
[0.02-0.08], shallow max_depths [2—4], and subsample ratios [0.6-1.0] to stabilize gra-
dients and reduce variance. Random Forest tested n_estimators [150-600], constrained
depths model_max_depth [None, 5, 8, 12, 20], and splits (min_samples_split [2-10],
min_samples_leaf [1-4]), max_features [“sqrt”,”log2”, None], and max_samples [0.6-0.9]
for bagging stability. XGBoost spanned higher n_estimators [300-2000] but with early stop-
ping and ultra-conservative learning_rates [0.01-0.05], max_depth [2-3], min_child_weight
[1-8], gamma pruning [0-0.5], row/column subsampling [0.6-0.85], L1/L2 penalties
(reg_alpha [0-0.01], reg_lambda [1-10]), and leaf-constrained growth. Model performance
was evaluated on the test set using RMSE, MAE, and R? on the raw target scale, with
additional RMSE and MAE reported on the log scale to diagnose overfitting and assess
performance in the space where models were trained.

SHAP (SHapley Additive exPlanations) values were applied post-modeling to in-
terpret the machine learning models by quantifying each feature’s contribution to indi-
vidual predictions [4,34,61]. This game-theoretic approach assigns Shapley values rep-
resenting the average marginal contribution of a feature relative to the model’s baseline
prediction [62-64]. Global feature importance was estimated by averaging the absolute
SHAP values across the dataset. Summary plots visualized feature importance alongside
effects, with each point depicting a SHAP value for one instance and feature.
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3. Results

Across the 80 dwellings, measured radon ranged from 5.9 to 332.7 Bq/m? (median ~ 58.9,
IQR 39.7-92.1), with a mean of 74.3 Bq/m? (Table 1). Since the area of interest is not a
radon-prone area, this range is expected. The distribution of measured radon is shown in

Figure 2.

Table 1. Descriptive statistics for activity concentrations of 2>2Rn (Bq/m?) in dwellings.

Activity Concentrations of ?>’Rn (Bq/m?)

count 80

mean 74.29
std 55.44
min 5.9
5% 17.95
25% 39.73
50% 58.91
75% 92.11
95% 167.51
max 332.65

10
8
>
2
o 6
>
o
2
[
4
| I I
. i
0 50 100 150 200 250 300

222Rn activity concentration (Bg/m?)

Figure 2. Activity concentrations of ??2Rn (Bq/m?) in dwellings—frequency distribution (blue
line—kernel density estimate (KDE)).

Older buildings tended to have higher radon: median concentrations decreased from
113.6 Bq/m? in buildings constructed before 1925 to 51.2 Bq/m? in buildings from 2000 to
2024, with a monotonic downward trend in medians across construction-year categories
(Figure 3).

Floor level (Figure 4) showed the expected inverse pattern, with median radon declin-
ing from 88.6 Bq/m?3 in the basement/ground floor (—1/0) to 42.9 Bq/m?3 at >5th floor,
although variability was substantial in each group.
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Figure 3. ?22Rn activity concentration (Bq/m?) distributed by building construction year (median,
lower quartile, interquartile range, upper quartile, minimum, and maximum values).
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Figure 4. 2?Rn activity concentration (Bq/m?) distributed by floor (median, lower quartile, interquar-
tile range, upper quartile, minimum, and maximum values).

Non-parametric tests revealed that building characteristics dominate household radon
variability. Dwellings classified as apartments had significantly different radon distribu-
tions compared with non-apartments (Kruskal-Wallis, p = 0.0049, > = 0.089). Floor level
showed a modest but significant negative Spearman correlation with radon (p = —0.237,
p = 0.0341), while construction year showed a marginal monotonic trend in robust OLS
(R? = 0.042, p = 0.0545). No clear associations were observed for duration, window count,
or season_heating in these pre-model tests. Urban land use variables were constructed
using Copernicus Urban Atlas data [41] by leveraging the longitude and latitude of the
chosen dwellings and represented by a compact multi-level variable reflecting the domi-
nant built form. Although geological and soil conditions are key determinants of geogenic
radon potential and are therefore conceptually important for radon modelling [65,66], they
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were not available with sufficient resolution or completeness at the household level in our
dataset, and could not be incorporated as reliable predictors in the final models.

3.1. Hyperparameter Tuning

Hyperparameter optimization for RFR converged on n_estimators = 150, max_depth = 12,
min_samples_split = 5, min_samples_leaf = 2, max_samples = 0.9, and max_features = None,
representing moderately deep trees regularized by minimum node constraints and sub-
sampling, in line with recommended practices for tabular environmental data. In the case
of GBR tuning yielded learning_rate = 0.02, max_depth = 4, n_estimators = 150, and sub-
sample = 1.0, characterizing a conventional gradient-boosted tree ensemble with shallow
trees and a subdued learning rate to mitigate overfitting. XGB with an early stopping
consistent with validation error plateaus identified learning rate = 0.01, max_depth =3,
n_estimators = 600, subsample = 0.85, colsample_bytree = 0.6, min_child_weight = 5,
max_leaves = 8, reg_lambda = 10.0, and grow_policy = ‘depthwise” as optimal hyperparameters.

3.2. Overall Predictive Performance

The Gradient Boosting Regressor achieved the best out-of-sample performance, with
the lowest test RMSE = 33.26 and test MAE = 26.10, and the highest test R> = 0.5654.
This indicates that the model explains more than half of the variance in radon levels in the
test data and yields the smallest typical prediction error among the evaluated algorithms.
GBR used shallow regression trees and a small learning rate, which are known to provide
strong performance on structured tabular data with complex but smooth non-linearities.
Tree-based models based on bagging and quantile estimation (RFR and gRF) yielded test
R? values of approximately 0.38, RMSE = 39, and MAE values in the range of 31-33, while
XGB, as the weakest of the tree-based models, performed with test values of R% =0.2791,
RMSE = 42, and MAE = 30. Out of the linear models, linear regression performed slightly
better with test values of RZ = 0.3615, RMSE = 40, and MAE = 33 while Ridge and
Lasso failed, suggesting that the relationship between predictor variables and radon in
this case study is non-linear and involves interactions that cannot be adequately captured
by a purely linear specification. Table 2 summarizes performance on the raw scale for
all models.

Table 2. Performance of models on raw target (train and test).

Model * RMSE Train MAE Train R? Train RMSE Test MAE Test R2 Test
GBR 0.5480 0.3825 0.9999 33.2638 26.0993 0.5654
qRF-50th 31.2360 18.5334 0.6909 39.7278 33.1784 0.3801
RFR 37.4508 20.9577 0.5557 39.8401 31.2325 0.3766
LR 50.7884 31.9096 0.1829 40.3175 33.1589 0.3615
XGB 45.5573 26.3556 0.3426 42.8419 30.4625 0.2791
Lasso 54.6211 34.7807 0.0550 43.6915 32.6434 0.2502
Ridge 56.8355 35.9707 —0.0232 48.0360 33.4719 0.0937

* GBR—Gradient Boosting Regressor; qRF-50th—Quantile Random Forests; RFR—Random Forest Regression;
LR—Linear Regression; XGB—Extreme Gradient Boosting; Lasso—Lasso regression; Ridge—Ridge regression.

4. Discussion

In contemporary metrology, adherence to national reference levels requires measurement-
based conformity assessment incorporating defined uncertainty and decision reliability
(e.g., 95%), as outlined in ISO/IEC and JCGM standards [67]. This study does not intend to
substitute standardized indoor radon measurement procedures or to establish a conformity
assessment protocol. Instead, it investigates the application of ML models as an auxiliary
approach for spatial prediction and prioritization.
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https://doi.org/10.3390/environments13030144

Environments 2026, 13, 144

10 of 17

The limitations of this study include a short measurement duration, about 90 days,
which introduces temporal uncertainty when estimating annual average radon concentra-
tion [38], and a limited number of dwellings, which were pre-determined by the project
pilot study. Seasonal variability can lead to deviations between short-term and true an-
nual means. Additionally, the model does not provide measurement uncertainty in the
metrological sense, as well as the fact that individual building levels cannot be determined
without direct measurement.

In this study, the GBR model demonstrated superior predictive performance for log-
transformed radon concentration activation compared to XGB, qRF-50th, and RF models,
particularly in a small-sample regime. The near-perfect training R? ~ 0.9999 combined with
a substantially lower test R? = 0.5654 indicates that the model fits the training data very
closely but still retains reasonable generalization to unseen data. Such overfitting aligns
with expectations for tree-based ensembles under constrained sample sizes, where models
tightly fit training data but retain reasonable generalization, and is primarily attributed
to variations in effective model capacity and the fitting stability. Even though XGB is
usually the go-to choice for its flexibility and raw performance in most tasks, GBR pulled
ahead here thanks to its simpler, more reliable setup for limited data. The tuned GBR
configuration (moderate depth, relatively small learning rate) provided a well-regularized
additive model that generalized reliably from limited data, while the XGB pipeline relied on
a more complex optimization/hyperparameter space and an early-stopping procedure that
further reduced the effective training data via an internal validation split. Considering the
number of predictor variables, the GBR’s constrained tree growth and smoother boosting
trajectory likely reduced variance and overfitting risk, whereas XGB'’s additional degrees of
freedom (e.g., leaf growth policy, regularization, subsampling, column sampling) increased
sensitivity to hyperparameter interactions in this low-n setting, resulting in weaker out-of-
sample performance. Given the moderate number of predictors and the absence of highly
detailed building-physics or geogenic covariates, the remaining error on the held-out test
set reflects dataset limitations rather than a failure of the gradient boosting approach itself.
More expressive alternatives such as neural networks or kernel Support Vector Machines
(SVMs) that show benefits in dense timeseries settings were not explored here because,
on small tabular datasets, they generally require substantially larger samples and heavier
regularization to avoid overfitting and often do not outperform well-tuned tree ensembles,
suggesting that future gains are more likely to come from richer covariate information and
larger samples than from more complex model classes [36,68,69].

These findings advance beyond prior benchmarks, including XGB, qRF-50th, and
RF, which often relied on larger datasets and reported modest R? values. For instance,
XGB achieved an R? of 0.45 and RMSE of 0.29 on log-transformed radon concentration [4].
Most of the previous research on radon prediction was focused on RE, with results ranging
from R?> = 0.2 and RMSE = 52.76 for geogenic radon potential prediction [34], and
R? = 0.24 and RMSE = 110.5 using qRF for high-resolution indoor radon mapping [5]. For
investigating regional residential radon, the performance of RF models ranged from an R?
of 0.21 to 0.31 [16,21,35], while the best reported RF model for the city level had R? = 0.46
and RMSE = 47.8 [27]. While the RF model performance in our case is lower than the
best-reported RF model for city-level radon prediction, the GBR model outperformed
that result.

SHAP analysis for the GBR model (Figure 5) indicated that duration, year, and
is_apartment were the three most influential predictors of radon according to their mean ab-
solute SHAP values, with importance scores of approximately 0.225, 0.216, and 0.162, respec-
tively. The next tier of contributors comprised household members (/20.055), floor (~0.038),
and the urban-attribute indicators ua_roads (=0.019) and ua_green_urban_nature (=20.016),
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while ua_urban_highsl, season_heating, and ua_industrial commercial had smaller but
non-zero contributions in the fitted model.

duration 0.225
year 0.216
is_apartment

household_members
floor

ua_roads
ua_green_urban_nature
ua_urban_highsl
season_heating

ua_industrial_commercial

0.00 0.05 0.10 0.15 0.20
mean(|SHAP value|)

Figure 5. SHAP feature importance for the gradient boosting regressor.

The SHAP summary plot (Figure 6) further showed that longer duration values tended
to have positive SHAP values, indicating an associated increase in predicted log radon,
whereas shorter durations were associated with negative contributions, consistent with
longer measurements capturing higher or more stable radon levels. Higher constriction
year values corresponding to the age of the building generally had negative SHAP values,
suggesting a temporal decline in modelled radon levels reflecting temporal trends in build-
ing practices and advances in construction and energy efficiency of buildings [70]. The
floor variable displayed a pattern where lower floors contributed positively and higher
floors negatively to the prediction, aligning with physical expectations that radon concen-
trations decrease with vertical distance from the ground because floor level modulates soil
proximity, which is a known geogenic factor [6,22] Household size is a proxy for occupancy-
driven ventilation which affects radon concentrations [71], while urban features may reflect

land-use effects on permeability.

High
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Q
=
floor »|eo oo g
<4
ua_roads coas 2
(0]
o w
ua_green_urban_nature -
ua_urban_highsl o o
season_heating cem
ua_industrial_commercial -$
T T T T Low
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Figure 6. SHAP summary plot for the gradient boosting regressor.
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In the SHAP summary plot, all apartment dwellings (is_apartment = 1) have slightly
negative SHAP values, while the few non-apartments (is_apartment = 0) have positive
SHAP values, indicating that the dwelling type had a systematic influence on model
prediction. Looking at the GBR model outcome (Figure 7) based on dwelling type, it is
apparent that the predicted Rn values are lower for apartments relative to non-apartment
dwellings, which coincides with previous research [16,35]
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Figure 7. Distribution of predicted Rn by apartment status from the gradient boosting regressor
(median, lower quartile, interquartile range, upper quartile, minimum, and maximum values).

5. Conclusions

This study developed and evaluated a supervised regression modelling pipeline
for predicting indoor radon concentrations in an urban environment, employing a log-
transformed outcome to stabilize variance and mitigate skewness in the highly variable
radon data. Among the tested algorithms, Gradient Boosting Regressor (GBR), quantile
Random Forest at the 50th percentile (QRF-50th), Random Forest Regressor (RFR), Linear
Regression (LR), Extreme Gradient Boosting (XGB), Lasso, and Ridge, GBR demonstrated
superior predictive performance. On the test set, GBR achieved an R? 0f 0.5654, a root mean
square error (RMSE) of 33.2638, and a mean absolute error (MAE) of 26.0993.

GBR’s strong generalization (test R? of 0.5654) contrasts with its near-perfect training
fit (R? = 0.9999), suggesting effective handling of overfitting through ensemble techniques,
while tree-based competitors like qRF-50th and RFR lagged with test R? values around 0.38.
Linear models underperformed, likely due to non-linear radon dynamics influenced by
spatial, meteorological, and building factors.

This performance exceeds the previously reported R? in the literature for household-
or spatial-level radon predictions in an urban setting at a zip code level. These results
demonstrate that a relatively small set of dwelling characteristics can explain a substantial
amount of variability in indoor radon concentrations. At the same time, the remaining
unexplained variance and residual error indicate that prediction accuracy is still limited
by the absence of detailed predictors related to building physics, ventilation behavior, and
high-resolution geogenic radon potential.

The use of 90-day measurements may introduce additional uncertainty in representing
annual average concentrations. This affects both measurement-based conformity assess-
ment and model training. Future work should incorporate additional predictors and/or
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year-long measurements and extend the investigation to radon-prone areas within Croatia.
This study evaluated whether routinely collected household and building characteristics
can explain a meaningful proportion of indoor radon variability within this well-defined
urban area, rather than produce a fully generalizable spatial prediction model for the
wider region. Under these conditions, the model is best interpreted as an interpolator for
dwellings that are similar, both in terms of building characteristics and urban context, to
those observed in our dataset (i.e., within or immediately adjacent to the Zagreb core)

Comprehensive indoor radon measurements remain sparse in Croatia, lacking na-
tionwide datasets due to high costs, logistical challenges, and low public awareness. This
scarcity hinders effective risk mapping, regulatory enforcement, and public health inter-
ventions. This study addresses this critical gap by contributing data as well as findings that
dwelling characteristics have a substantial contribution to the prediction of indoor radon
levels. The ML model developed in this study is not designed for regulatory decision-
making at the individual building level. Its predictive uncertainty does not meet the
criteria for conformity assessment as specified by metrological standards. Rather, the
model is appropriate for identifying radon-prone areas, supporting regional risk map-
ping, prioritizing buildings for measurement campaigns, and optimizing the allocation of
measurement resources.
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