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Abstract

Radon is the leading cause of lung cancer after cigarette smoking, and studies conducted in Burkina Faso have demonstrated that
its concentration can reach relatively high levels inside residential dwellings due to the presence of radiological anomalies. This
concentration varies significantly, making it highly complex to understand its behavior. In the present study, predictive models
were trained to estimate radon concentrations based on environmental variables such as temperature, relative humidity, and
atmospheric pressure. Continuous and simultaneous measurements were carried out inside a single dwelling in the village of
Sissene using a Corentium Pro monitor from May 5 to September 6. An initial Random Forest model developed using hourly
data yielded unsatisfactory predictive performance, with R? scores fluctuating between -0.8 and 0.2, specifically failing during
the hourly transition periods at 06:00 and 16:00. Conversely, a second modeling approach using daily averaged data for both
Random Forest and Gradient Boosting algorithms produced substantially better results. The highest predictive performances
were achieved by the Random Forest model, with R? score and RMSE of 0.392 and 12.01 Bq-m™ respectively, compared to the
Gradient Boosting model, which obtained values of 0.277 and 13.09 Bq-m? respectively. Furthermore, the ablation study
identified relative humidity as the most critical predictive variable for radon estimation, followed by temperature, whereas
atmospheric pressure acted as a disruptive variable for the RF architecture. For the RF model, removing humidity and
temperature caused the R? score to drop to 0.15 and 0.13 respectively, while removing pressure led to 0.08 increase. For the GB
model, a massive impact was observed: the R? score dropped to 0.49, 0.30 and 0.04 upon the removal of humidity, temperature
and pressure respectively.
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1. Introduction

Radon-222 is a radioactive gas originating from the decay  planet's formation 4.5 billion years ago. It can exhalate from
of U-238, which has been present in the Earth's crust since the  the soil, construction materials, groundwater, or natural gas,
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accumulating inside enclosed environments through cracks
and pipelines. In Burkina Faso, radiological anomalies have
been identified in certain areas where radioactivity levels are
significantly higher than the global average [1-3]. These
anomalies are prone to producing elevated amounts of radon
that are imperceptible to human senses. Radon is hazardous at
certain concentrations, constituting the leading cause of lung
cancer after cigarette smoking. Numerous studies have been
conducted in Burkina Faso to determine the spatial and spatio-
temporal distribution of radon inside dwellings, schools, and
offices [4-9]. Other studies have investigated the evolution of
diurnal radon concentrations and the influence of atmospheric
parameters on indoor radon levels [10, 11]. However, most of
these studies relied on short-term measurements ranging from
a single day to one week, which remains insufficient to fully
understand radon dynamics. Previous attempts to identify po-
tential relationships between radon and atmospheric parame-
ters using linear regressions yielded correlation coefficients
that failed to establish reliable connections. To understand the
behavioral dynamics of radon, we propose to investigate the
relationships between indoor radon accumulation and atmos-
pheric variations within a residential dwelling using machine
learning algorithms. To achieve this, we will first determine
the diurnal and daily variations of radon and atmospheric pa-
rameters to capture underlying trends. Second, we will train
machine learning models using Gradient Boosting (GB) and
Random Forest (RF) algorithms on both hourly and daily da-
tasets. Following model training, feature importance and pre-
dictive performance will be analysed to identify the atmos-
pheric parameter that best drives indoor radon concentration
forecasting.

2. Materials and Methods

2.1. Measurement of Indoor Radon
Concentration

Radon concentration is measured using the Corentium Pro,
an electronic radon detector equipped with four detection
chambers where radon is captured, identified, and quantified
via gamma spectrometry. It is also fitted with sensors that sim-
ultaneously measure temperature, atmospheric pressure, and
relative humidity alongside radon levels. Additionally, a mo-
tion sensor detects any movement or tampering with the
equipment during data acquisition. The measured data are
logged hourly, and the monitoring is performed continuously.

In the present study, data acquisition was carried out inside
a single dwelling in the village of Sissene [11] over a four
month period, under the normal living conditions of the inhab-
itants. The selected dwelling is constructed of banco (clay
mixed with straw) and features a thatched roof, as well as a
door and windows made of wood and steel. The measurements
were conducted from May 5 to September 5, 2025, a period
that corresponds to the rainy season.
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2.2. Model Evaluation Metrics

The interactions between atmospheric parameters and in-
door radon concentration are highly non-linear, as indicated
by previous studies [10, 11]. To address this challenge, this
study utilizes supervised learning methods, specifically RF
and GB. These tree-based models are robust against missing
data and outliers, which are commonly encountered in radon
measurement datasets due to the highly heterogeneous na-
ture of its distribution. RF trains multiple decision trees in
parallel and averages their predictions. Conversely, GB
trains decision trees sequentially, focusing on the errors of
the preceding trees; while more efficient, it is also more dif-
ficult to tune.

Both models are applied to the data encompassing radon
and atmospheric parameters, such as temperature, pressure,
and humidity. Radon serves as the target variable, whereas the
atmospheric parameters act as the predictor variables. The
models were trained on both daily data and diurnal variations
(hourly data). The latter approach was chosen based on the
hypothesis that different hours of the day share similar prop-
erties that could enhance the capture of interactions between
indoor radon accumulation and atmospheric variability within
a dwelling.

Model evaluation was conducted by calculating perfor-
mance scores to quantify prediction quality on a test dataset.
The score is determined by the following mean squared error
(MSE) expressed by the following Root Mean Square Error
(RMSE) [12, 13]:

1 ~
RMSE = J;Z’,Ll(yk = Ji)?

Where RMSE is the root mean square error, N is the number
of samples, y, is the vector of the target variable (radon con-
centration), and y, is the model prediction.

A high-performing model exhibits an RMSE value that ap-
proaches zero.

The coefficient of determination is a statistical metric that
measures the proportion of the variance in a dependent varia-
ble (radon) that is explained by the independent variables
(temperature, humidity, and pressure) through the regression
model. Its formula is given by the following expression [14]:

PR 1 Vk—PK)?
RZ =1- k=1
Tie1 Gk=7)?

Where y, is the target value, 9, is the value predicted by
the model for the same sample k, N is the total number of
measurements, and y is the mean of all actual measured val-
ues. Its formula is given by the following relationship:

- 1
Y= =1k
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2.3. Model Validation Procedure

The modeling process began by partitioning the dataset into
two subsets: 80% of the data was allocated for training, while
the remaining 20% was reserved for model testing. The key
modeling parameters are summarized in Table 1. A relatively
large number of trees (n=1000) was chosen to guarantee the

stability of both the RF and GB models. Model complexity
was controlled by the maximum allowable tree depth, set to
12 for RF and 5 for GB. To prevent overly specific splits
caused by statistical noise, the minimum number of observa-
tions required in a terminal node was set to 3 for RF and 5 for
GB. Finally, to ensure exact reproducibility of the results, the
random seed was fixed at 42 for both models.

Table 1. Configuration hyper parameters for the RF and GB models.

Parameters Random Forest
Number of trees/ Boosting stage 1000

Maximum trees depth 12

Minimum samples leaf 3

Random seed 42

3. Results and Discussion

3.1. Diurnal and Daily Distribution of Radon

Radon concentration was measured inside a single dwelling
over a four-month period to investigate the influence of at-
mospheric parameters on its accumulation. Variable data were
recorded hourly, and daily averages were calculated. Figure 1
presents the daily evolution of radon concentration and atmos-
pheric parameters. It can be observed that radon concentration
varies between 20.38 and 108.25 Bq-m™3, with a mean
value of 59.38 +2.84 Bq-m™3. An upward trend is ob-
served in mid-June, with high values during July and August
before dropping in September. Temperature shows an inverse
trend to radon, with maximum values obtained in May and
June and minimum values around July and August. Humidity
increases continuously, with minimum values observed in
May and June and maximum values in August.

A negative correlation is distinguished between tempera-
ture and radon, while a positive correlation is observed be-
tween humidity and radon. The increase in humidity reflects
the arrival of the rainy season.

Figure 2 shows the diurnal evolution of radon concentra-
tions relative to the atmospheric parameters of temperature,
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pressure, and humidity. It can be observed that peak radon
concentrations are obtained between midnight and 7 a.m., and
then between 5 p.m. and 11 p.m. This part of the day is char-
acterized by stable concentrations with values well above
60 Bq-m~3. It is also characterized by a gradual drop in
temperature, which reaches its minimum around 7 a.m. Be-
tween 8 a.m. and 4 p.m., radon concentration experiences a
sharp drop from 8 a.m. to 12 p.m., followed by a strong in-
crease between 12 p.m. and 4 p.m. Nevertheless, this period
of the day is characterized by lower radon concentrations, with
minimum values below 40 Bg-m™3 observed between 10
a.m. and 2 p.m. This period is also characterized by a progres-
sive increase in temperature, which reaches its maximum
around 5 p.m.

The radon and humidity curves are relatively similar, as hu-
midity increases between midnight and 7 a.m. where it reaches
its maximum, and then between 6 p.m. and 11 p.m. where it
reaches a local maximum. Regarding pressure, it exhibits a
semi-diurnal variation with maximum and minimum values
located around 9:30 a.m. and 4:30 p.m., respectively.

These results show that a positive correlation could exist
between radon and humidity, and a negative correlation be-
tween radon and temperature. Between radon and pressure,
identifying a probable correlation is not quite evident at this
stage.
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Figure 1. Daily evolution of radon concentration and atmospheric parameters over a four-month period inside a rural dwelling.
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Figure 2. Diurnal distributi

on of radon concentration over a four-month period inside a single dwelling located in a rural area.
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3.2. Predictive Modelling of Radon
Concentration

3.2.1. Predictive Modelling Using Hourly Data

The hourly data obtained over the four-month period were
grouped such that each time step of the day from 00:00 to
23:00 constitutes a sample of 124 entries. A portion of each
sample, representing 80% of the data, was used for training
via the RF method, while the remaining 20% was reserved for
testing. Figure 3 illustrates the hourly evolution of radon pre-
diction quality over a full day.

It can be observed that for most of the day, the model fails
to effectively predict radon, as most points exhibit a negative
predictive R? value. Only 29% of the samples show a posi-
tive but low predictive value. Figure 3 highlights two critical
moments at 6 a.m. and 4 p.m. where predictions become ex-
tremely inaccurate, with correlation coefficients of R? =
—0.8 and R? = —0.5, respectively. At 6 a.m., a major ther-
mal transition occurs related to sunrise. This is the moment
when the nocturnal inversion layer breaks down and the air
begins to mix turbulently. The model fails to anticipate the
impact of these sudden variations in the variables.

Radon Prediction Quality {R?) Evolution by Time of Day

RI Score

0.8

- Predictive R? limit (R?=0)

T . T R P SR . s S e
F P F S D P

S
P
Time of Day

Figure 3. Distribution of radon prediction quality using an RF model as a function of the hours of the day.

3.2.2. Predictive Modelling Using Daily Data
Figure 4 presents a diagnostic of radon prediction on daily

Diagnostic: Observed vs.

data using RF and GB regression models. These models at-
tempt to predict indoor radon concentration based on three
meteorological variables: temperature, pressure, and humidity.
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Figure 4. Radon prediction based on temperature, humidity, and pressure using RF (top) and GB (bottom) models on daily data.

Table 2. Overall performance of the two methods.

Model R? RMSE
Random Forest 0.392 12.01 Bqg-m™3
Gradient Boosting 0.277 13.09 Bqg-m™3

The red dashed line in Figure 4 represents the ideal scenario
where the prediction perfectly matches the actual values. It
can be observed that both models display a broad horizontal
dispersion and a more restricted vertical dispersion. For low
radon concentrations, the data clusters lie above the ling,
whereas for high concentrations, the data points fall below the
ideal scenario line. This indicates that the models tend to over-
estimate low concentrations and underestimate high concen-
trations. Furthermore, for extreme radon values exceed-
ing 80 Bq-m™3, both models fail to predict proportionally
high values, with predictions simply capping out around
70 Bq-m™3.

Table 2 displays the performance of the RF and GB models
in predicting indoor radon concentration based on atmos-
pheric parameters. The RF model achieved an R? score of
0.392 and an RMSE of 12.01 Bq-m~3, whereas the GB
model yielded an R? of 0.277 and an RMSE of 13.09 Bq -
m~3. These results demonstrate that the RF model signifi-
cantly outperforms the GB model, as evidenced by its higher
R? score and lower RMSE. Consequently, this modelling ap-
proach establishes the superior performance of RF over GB
for this dataset.

The RF model trained on daily data shows a clear improve-
ment compared to the hourly model analysed in the previous
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section, which yielded negative scores. However, perfor-
mance remains moderate because atmospheric parameters
alone cannot fully account for the behavioural dynamics of in-
door radon accumulation. To assess variable importance in
both models, a feature ablation study was conducted, which
consists of removing one variable at a time while keeping the
other two to observe whether the model improves or deterio-
rates. Figure 5 presents the results of these ablation studies for
both models. This study measures feature importance by ob-
serving the drop in the R? score when a predictor variable is
removed from the model. The further the bar extends toward
positive values, the more performance the model loses without
that specific variable.

It can be observed that both models perfectly agree on the
order of importance of the meteorological variables for pre-
dicting radon concentration. Humidity constitutes the most
important variable for both algorithms, followed by tempera-
ture in second place. Pressure exhibits less influence on model
performance, confirming the observations previously made in
Figure 2.

In the case of RF, removing humidity causes the R? score
to drop by approximately 0.15, and removing temperature
leads to a drop of 0.13. The model remains relatively stable
even when deprived of one of these two variables. When pres-
sure is removed, the bar moves toward a negative value of
about —0.08. This signifies that the R? score improves when
pressure is excluded from the RF model. Because RF con-
structs its trees through random feature sampling, atmospheric
pressure seems to act as background noise or a redundant var-
iable. Its exclusion allows the trees to focus solely on the clear
signals from humidity and temperature, thereby optimizing
the model's generalization capability.
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Ablation Study: Impact of Feature Omission on Model Performance
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Figure 5. Effects of the ablation of different predictor variables on the RF (top) and GB (bottom) models.

In the case of GB, a massive impact is observed during fea-
ture omissions. When humidity is removed from the model,
the R? score collapses by nearly 0.49, and it drops by 0.30
when temperature is omitted. Unlike RF, removing pressure
slightly penalizes GB with a minor drop of 0.04.

These results confirm that humidity carries the major pre-
dictive signal for radon. They also demonstrate the robustness
of the RF model, which is capable of adapting to the loss of a
variable and identifying pressure as noise. Furthermore, they
highlight the vulnerability of GB, whose performance depends
excessively and disproportionately on the humidity variable
alone, confirming its more unstable profile.

Figure 6 illustrates the joint effects of temperature and hu-
midity on radon concentration prediction for both models. In

26

the RF model, it can be noted that the major color transitions
occur vertically, and the highest predictions are observed
when humidity exceeds 65%. The model precisely localizes
the peak maximum concentration of 73.17 Bg-m™3 within
a window combining cool temperature and high humidity.
Conversely, hot and dry air causes the prediction to drop to its
minimum of 49.54 Bq-m™3.

In the GB model, a staircase-like behavior is observed,
characterized by an extremely fragmented profile with rigid,
angular contour lines and rectangular block structures. It iden-
tifies the same maximum prediction zone but with abrupt tran-
sitions around this area.
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Figure 6. Joint effect of temperature and humidity on radon prediction in the RF (top) and GB (bottom) models.

4. Conclusions

This study models the environmental dynamics of radon-
222 based on atmospheric parameters such as temperature,
pressure, and humidity. The results demonstrated that radon
concentration increases with humidity and decreases with
temperature. Pressure does not exhibit any apparent correla-
tion, which was further confirmed by the supervised learning
models. The evaluation of hourly predictive performance
showed extremely low scores (R? varied from —0.8 to 0.2),

leading us to consider daily data, which are likely to reduce
the fluctuations in measured values caused by the highly het-
erogeneous nature of radon concentrations. The comparison
of the algorithms on daily data establishes the superiority of
RF ( R?=0.392; RMSE =12.01 Bq-m™3) over GB
(R* =0.277; RMSE =13.09 Bq-m™3). Concurrently,
the ablation study validates humidity as the most critical vari-
able for radon prediction in both models, followed by temper-
ature, while pressure proves to be marginal or even disruptive
for RF. Although radon trends are strongly linked to humidity
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and temperature profiles, the exclusive use of these parame-
ters remains insufficient to achieve a perfect prediction. The
present study has shown that very short-term measurements,
on the order of one hour for example, are disrupted by statis-
tical noise, making it difficult to perceive a probable evolu-
tionary trend between radon and atmospheric parameters. A
significant evolution was observed in daily measurements.

It would be advisable to consider modelling based on
weekly or monthly data. To achieve this, measurements must
be carried out for at least one year. Indoor humidity and tem-
perature alone are not sufficient to predict indoor radon con-
centration. It would be necessary to test the addition of other
parameters, such as outdoor temperature and humidity, and to
consider a dwelling kept closed throughout the study period in
order to reduce the influence of human activity and capture
solely the dynamic behaviour of radon.

Abbreviations

GB Gradient Boosting

RF Random Forest

MSE Mean Squared Error
RMSE  Root Mean Square Error
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