


683Proceedings of the Indian National Science Academy (2024) 90:682�696 

environmental parameters is crucial in understanding the 
anomalous variation in soil radon linked to seismic activity. 

 In this study, our objective is to explore the relation-
ships between soil radon levels, environmental factors, 
and seismic events. We employed wavelet-based decom-
position techniques to “ lter out noise from soil radon and 
environmental data. The denoised data were then utilized 
as inputs for various statistical models to predict radon lev-
els. Multiple Linear Regression, arti“ cial neural networks, 
and auto-regressive integrated moving average models were 
among those used to mitigate the in” uence of environmental 
factors on soil radon. Subsequently, we identi“ ed the most 
e� ective model and computed residual radon values. These 
residuals were further analyzed for correlations with seis-
mic events occurring in the vicinity during the observation 
period. Continuous soil radon measurements were carried 
out along the Chite Fault in the Aizawl district of Mizoram, 
a region recognized as one of the six most seismically active 
areas globally. The detail information regarding the geologi-
cal and seismotectonic aspects of the study area can be found 
elsewhere (Tiwari et�al.  2011 ) and the visual representation 
of the study area is shown in Fig.� 1 .         

    Materials and�methods 

   Experimental techniques 

 Soil radon concentrations were continuously monitored over 
the period from March 2013 to July 2016 using Solid State 
Nuclear Track Detectors (SSNTDs). Speci“ cally, LR-115 
Type-II detectors produced by Kodak Pathe in France were 
utilized. To ensure the precision of the measurements, 
LR-115 “ lms were enclosed within twin-cup dosimeters. 
This protective arrangement e� ectively prevented potential 
inaccuracies caused by the intrusion of radon progenies, 
which could otherwise result in misleading readings. For 
the experimental setup, a sturdy tripod metal stand was 
employed to securely hold the dosimeters containing the 
LR-115 “ lms. These assemblies were positioned at a depth 
of 80�cm below the soil surface. To o� er further protec-
tion to the setup, a metal cylinder encompassing the entire 
arrangement was employed, as depicted in Fig.� 2 .         

 Ten monitoring setups were installed, with each setup 
spaced a few meters apart on both sides of the fault area. 
The “ nal reading was obtained by calculating the average 
of the data collected from all ten locations. Once installed, 
the detectors remained in place until the seventh day when 
they were replaced with new ones. The detectors that were 
exposed during this period underwent chemical treatment 
in a laboratory to reveal any tracks produced by interactions 

  Fig. 1       Location map of the 
study area showing geology and 
tectonics (modi“ ed after Tiwari 
et�al.  2011 )  
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by discretizing a and b values (Daubechies  1993 ). DWT is 
valuable for signal decomposition and denoising. It produces 
detailed coe�  cients (cD) and approximate coe�  cients (cA) 
at level 1. Further decomposition generates cD and cA at 
subsequent levels. This process continues, allowing multi-
level decomposition for “ ltered versions of the original sig-
nal. The maximum decomposition level is  log 2  N, where N 
is the signal size. 

    Multiple linear regressions 

 Multiple Linear Regression is a valuable statistical technique 
used to predict the value of a dependent variable based on 
one or more independent variables. It extends the concept 
of simple linear regression, where a single independent vari-
able predicts the dependent variable (Tabachnick and Fidell 
 2013 ). In simple linear regression, the relationship between 
the dependent variable (y) and the independent variable (x) 
is expressed as

      
where y• is the predicted value, a is the y-intercept, and 
b is the coe�  cient representing the slope of the line. The 
di� erence between the actual y and the predicted y• is the 
residual. Multiple Linear Regression extends this concept to 
include multiple predictor variables. The equation becomes

      
where a is the constant term, and b•s are the regression 
coe�  cients. However, one limitation of this model is that 
the coe�  cients are measured in di� erent scales, making it 
challenging to determine the relative in” uence of each pre-
dictor variable. To address this limitation, the standardize 
score regression model can be introduced (Uyanšk and Güler 
 2013 ). It standardizes both the predictor variables and coef-
“ cients by representing them as z-scores. This standardized 
approach provides greater clarity in assessing the impact of 
each predictor variable on the outcome. 

    Arti“ cial neural network 

 Arti“ cial Neural Networks (ANNs) are machine learning 
tools inspired by the biological neurons in the human brain. 
They mimic the structure and function of neurons, with 
dendrites receiving information, nuclei processing it, and 
axons transmitting decisions. ANNs have a similar archi-
tecture (Haykin  1998 ). In an ANN model, input signals 
 (x j ) are sent to a neuron, multiplied by randomly assigned 
synaptic weights (which can be positive or negative), and 
adjusted with an externally applied bias which is similar to 
the intercept in a linear equation (Liu et�al.  2018 ). The result 
then passes through an activation function to account for any 

 (2)y� = a + bx

 (3)y� = a + b1x1 + b2x2 + � � � � � � � � � � � � � � � � + bkxk

non-linearity in the output. Mathematically, the ANN model 
is represented by the equations:

      

      
Here,  x 1 ,  x 2 , ƒ  x n  are inputs,  w k1 ,  w k2 , ƒ  w kn  are weights,   �     
is the activation function,  b k  is the bias, and  y k  is the output. 
The weights (w) are determined through an iterative training 
process based on established input…output patterns. 

    Auto regressive integrated moving average 

 ARIMA models are used for analysing and forecasting time 
series data. The key components of the model are AR (Auto 
Regression), I (Integrated) and MA (Moving Average). The 
AR components capture the relationship between an obser-
vation and lagged observation. The I component involves 
di� erencing the data to make it stationary and the MA com-
ponents accounts for the dependency between an observation 
and the residual error (Hyndman and Athanasopoulos  2018 ). 
ARIMA models are denoted as ARIMA (p, d, q), where the 
parameters are integers indicating the speci“ c model used: 
p represents the lag order, d is the degree of di� erencing and 
q is the order of the moving average (Box et�al.  2015 ). The 
general form of an autoregressive moving average model is 
expressed as:

      
Here,   �t     represents the white-noise,  �     •s are constants and   Yt     is 
the predicted value of the dependent variable. When incor-
porating independent variables into the model, the formula-
tion can be adjusted as follows:

      
Here,   Xt     symbolises the independent variables, while   �     sig-
ni“ es the coe�  cients associated with them. 

     Results and�discussion 

 Numerous studies have extensively documented the signi“ -
cant impact of variations in environmental parameters on 
subsurface soil radon concentrations (Reddy et�al.  2010 ; 
Choubey et�al.  2011 ; Yang et�al.  2019 ; Hosoda et�al.  2020 ; 
Tiwari et�al.  2023 ). To mitigate the in” uence of these param-
eters on soil radon levels, we introduce several predictive 
models: Multiple Linear Regression (MLR), Multilayer 

 (4)vk =
n∑

j=1

wkjxj

 (5)yk = �
(
vk + bk

)

 (6)Yt = �1YtŠ1 + ⋯ + �PYtŠp + �t + �1�tŠ1 + ⋯ + �q�tŠq

 (7)
Yt = �1YtŠ1 + ⋯ + �PYtŠp + �t + �1�tŠ1

+ ⋯ + �q�tŠq + �(Xt + �pXtŠp)
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Perceptron (MLP), and Autoregressive Integrated Moving 
Average (ARIMA). These models incorporate environmen-
tal factors including rainfall (RF), temperature (T), relative 
humidity (RH), and pressure (P) as independent variables. 
The measured soil radon (Rn) serves as the dependent vari-
able, enabling the calculation of predicted radon values 
 (Rn * ). The predictive radon values are then compared with 
the actual measurements, allowing the determination of 
residual radon for each model. Ultimately, the model exhib-
iting the strongest correlation is selected through correlation 
testing. Additionally, any unusual ” uctuations in residual 
radon are identi“ ed and associated with seismic events. Prior 
to conducting the analysis, a series of preparatory steps are 
undertaken. Firstly, the z-scores of each variable are cal-
culated, followed by their decomposition using the wavelet 
decomposition method. This procedure is implemented to 
address the presence of noise accompanying the underly-
ing signal. Such noise might originate from sources such 
as measurement uncertainties or other external factors. A 
key limitation in using raw score variables and equations in 
regression and a predictive model is that the coe�  cient sizes 
depend on the scales of predictor variables, hindering direct 
comparisons. To address this, standardization (calculating 
z-scores) of variables allows for a meaningful comparison 
of coe�  cients and variables (Jaishi et�al.  2014c ). Conse-
quently, before analysis, z-scores of radon and environmen-
tal parameters are calculated, ensuring a standardized basis 
for assessing their impact. This methodological re“ nement 
enhances the interpretability and reliability of subsequent 
regression and predictive modeling. The z-scores of the vari-
ables are denoted as follows: ZRn (standardized radon), ZRF 
(standardized rainfall), ZT (standardized temperature), ZRH 
(standardized relative humidity), and ZP (standardized pres-
sure). Subsequently, the variables are subjected to denois-
ing through wavelet decomposition, resulting in denoised 
representations labeled as DZRn, DZRF, DZT, DZRH, and 
DZP. These denoised variables serve as the basis for further 
discussion within this section. 

 We have used the multilevel wavelet decomposition tech-
nique (Xie et�al.  2021 ) to decompose the dependent (ZRn) 
and independent variables (ZRF, ZT, ZRH and ZP). The 
discrete wavelet transform was employed to decompose the 
signal into two components: the approximate coe�  cient 
(cA) and the detailed coe�  cient (cD), each at varying lev-
els. Subsequently, the detailed coe�  cient was subjected to 
thresholding, and the resulting cA and thresholded cD were 
utilized to reconstruct the signal (Donoho and Johnstone 
 1994 ; He et�al.  2015 ). The e� ectiveness of decomposing 
a smooth signal depends on the selection of an appropri-
ate threshold value. Opting for a higher threshold is likely 
to result in more e� ective noise suppression but may also 
introduce distortion to the useful signal information. Con-
versely, selecting a smaller threshold is likely to retain some 

noise within the signal. In our case, we chose to employ a 
50% thresholding for the decomposition of the dependent 
and independent variables. For the variable decomposition, 
Daubechies wavelets were applied utilizing the SPSS statisti-
cal software (IBM Corp. Released  2019 ). 

   MLR analysis 

 We conducted multiple linear regression (MLR) analysis to 
“ nd the predict radon levels. The denoised environmental 
parameters such as DZRF, DZT, DZRH, and DZP were con-
sidered as independent variables, while DZRn was treated 
as the dependent variable. MLR can be executed using 
three distinct methods: forward selection (FS), backward 
elimination (BE), and stepwise regression (SE) (Hocking 
 1976 ; Tabachnick and Fidell  2013 ). In the present case, we 
employed the BE method to estimate the predicted radon 
values  (DZRn * ). The BE method initiates with all independ-
ent variables and iteratively removes non-signi“ cant vari-
ables, one at a time until the maximum number of steps is 
reached. To elucidate this process, we will begin by examin-
ing the coe�  cients of the regression, as presented in Table� 1 .  

 Table� 1  displays the results of the BE regression method, 
which produced four distinct models (Models 1, 2, 3, and 
4). Model 1 initially included all predictor variables (DZRF, 
DZT, DZRH, and DZP). Signi“ cance testing using a t-test 
at a 95% con“ dence interval (alpha = 0.05) revealed that in 
Model 1, DZRF, DZRH, and DZP are non-signi“ cant pre-
dictors as their p-values exceeded the alpha threshold. The 
BE method sequentially removed variables with the high-
est p-values, starting with DZP. Consequently, Model 2 was 
constructed with DZRF, DZRH, and DZT as predictor vari-
ables. This process is continued until no predictor variables 
qualify for removal. In Model 4, DZT emerged as the sole 
signi“ cant predictor, making it the preferred model among 
the four. 

 We assess the predictor•s contribution to criterion vari-
ability and the model•s overall viability using the squared 
multiple R value and a signi“ cant F-ratio (p < 0.05), as 
shown in Table� 2 .  

 The model summary in Table�  2  includes R-square 
and adjusted R-square. Adjusted R-square measures how 
much predictive loss we might encounter when applying 
this model to another sample. In Model 4, the adjusted 
R-square is 19.0, indicating that 19% of the variation in 
radon concentration is explained by DZT. Remarkably, 
eliminating three out of four predictor variables doesn•t 
result in any loss of R-square; instead, the adjusted 
R-square increases by 3.3% with a single predictor vari-
able as compared with four predictor variables. To assess 
the overall significance of each model, we compute an 
F-ratio  (MS reg. /MS res. ) and the resulting probability of 
the F-ratio is presented in the •sig.Ž column of Table� 2 . 
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 1996 ). The most popular and e� ective feed-forward net-
works to train any continuous function are MLP networks 
(Schalko�   2007 ; Hornik et�al.  1989 ). Hence, the MLP net-
work method has been utilized to train the input data and 
generate the output. MLP employs the back propagation 
algorithm for network training. This algorithm calculates 
precise weights for each independent variable to ensure 
accurate results. Initially, random weights are assigned 
to the model, and the output is computed based on these 
weights. If a signi“ cant error exists between the actual and 
calculated output, the backpropagation algorithm adjusts the 
model•s weights to minimize the error. The gradient descent 
technique is commonly employed for the back propagation 
algorithm to locate the error•s absolute minima for a given 
dataset (Rumelhart et�al.  1986 ). There are three types of back 
propagation algorithms for MLP network training: batch, 
online, and mini-batch (Bishop  1995 ). In our case, we used 
the batch training algorithm to train the dataset. 

 The next crucial step in MLP design is determining the 
network architecture, speci“ cally the number of hidden lay-
ers and nodes required. There is no established rule for this, 
but K�rková ( 1992 ) suggested using two hidden layers with 
a regular activation function. Too few nodes may hinder con-
vergence, while too many can lead to over “ tting. For noisy 
datasets, it is recommended to split data into training and test 
sets. In our case, we allocated 70.4% for training and 29.6% 
for testing. To prevent under “ tting, we applied a discrete 
wavelet-based denoising method to “ lter input variables. The 

number of nodes in the “ rst and second hidden layers is 
given by the follows equations (Huang  2003 ).

      

      
Here  m  represents the number of output neurons (m = 1) and 
N represents the number of input nodes (N = 4). By apply-
ing Eqs.� 9  and  10 , we observe that the “ rst hidden layer has 
6 nodes, while the second hidden layer has 1 node. Ran-
domly assigned weights may lead to a bias favoring inputs 
with larger variances over those with smaller variances. 
To address this issue, it is recommended to standardize all 
inputs to the MLP (Gardner and Dorling  1998 ). In this study, 
we have standardized all input variables by calculating their 
Z-scores and used these as input nodes for the MLP network. 
Consequently, the inputs for the present MLP network con-
sist of denoised standardized environmental parameters viz., 
DZRF, DZT, DZRH, and DZP. The network architecture is 
depicted in Fig.� 3 , and it aims to predict denoised standard-
ized Radon values  (DZRn * ).         

 The input layer consists of ZDRF, ZDT, ZDRH, ZDP, 
and a Bias node. The network comprises two hidden layers: 
the “ rst with six nodes labeled H (1:1) to H (1:6), and the 
second with a single node, H (2:1). The activation function 
for the hidden layers is hyperbolic tangent, while the output 
layer uses the identity function. IBM SPSS version 26 was 

 (9)
No.ofNodes(Firsthiddenlayer) =

√
(m+ 2)N + 2

√
N�( m+ 2)

 (10)No.ofNodes(Secondhiddenlayer) = m
√

N�( m+ 2)

  Fig. 3       The Network architecture 
used to train the MLP algorithm  
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employed for the Multilayer Perceptron (MLP) implemen-
tation. Table� 3  displays the weights and biases used in the 
model, which were determined based on the training data.  

 SPSS conducts a sensitivity analysis to assess the sig-
ni“ cance of the independent variables within the model. 
Figure� 4  displays the normalized importance chart for each 
predictor variable in the model. Notably, DZT emerges as 
the most signi“ cant predictor variable, with an importance 
score of 0.633, representing 100% normalized importance. 
This suggests that air temperature has the most substan-
tial in” uence on soil radon emanation compared to other 
environmental parameters. This observation aligns with the 

“ ndings from the multiple linear regression (MLR) analysis, 
where temperature similarly emerged as the most signi“ cant 
predictor. Radon exhibits a robust positive correlation with 
temperature, indicating a direct relationship between radon 
concentration and temperature variations. The association 
between radon concentration and temperature is intricately 
linked to the physical processes occurring in the subsurface 
environment. The elevation in surface temperature induces 
the expansion of soil gas, facilitating its release into the 
atmosphere. This expansion e� ect not only contributes to 
the overall increase in radon concentration but also suggests 
that the dynamics of soil gas movement play a crucial role 

  Table 3       Parameter estimates of 
the MLP model  

  Predictor    Predicted  

  Hidden layer 1    Hidden layer 2    Output layer  

  H(1:1)    H(1:2)    H(1:3)    H(1:4)    H(1:5)    H(1:6)    H(2:1)    DZRn *   

  Input layer                  

  �(Bias)    0.671    Š�0.355    Š�0.301    Š�0.246    Š�0.642    Š�0.690      

  �DZRF    Š�0.441    0.523    0.459    0.517    Š�0.071    Š�0.401      

  �DZT    Š�0.272    1.010    Š�0.523    Š�0.031    0.280    0.353      

  �DZRH    0.388    Š�0.099    0.050    0.001    Š�0.302    0.175      

  �DZP    Š�0.002    Š�0.241    Š�0.413    Š�0.111    0.225    0.608      

  Hidden layer 1                  

  �(Bias)                Š�0.041    

  �H(1:1)                Š�0.066    

  �H(1:2)                Š�0.865    

  �H(1:3)                0.258    

  �H(1:4)                0.115    

  �H(1:5)                Š�0.077    

  �H(1:6)                Š�0.166    

  Hidden layer 2                  

  �(Bias)                  0.009  

  �H(2:1)                  Š�0.654  

  Fig. 4       The normalized impor-
tance chart showing the impor-
tance of the predictor variables 
used in the MLP model  
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denoised standardize values of soil radon (DZRn) as the 
dependent variable and environmental parameters (DZRF, 
DZT, DZRH and DZP) as independent variables. We have 
used IBM SPSS version 26 (IBM Corp. Released  2019 ) 
to calculate the predicted value of radon  (DZRn * ) using 
ARIMA (2,0,2) model. We further assess the signi“ cance 
of errors (residuals) using residual ACF and PACF plots 
(Box et�al.  2015 ). Figure� 7  displays these plots for the given 
time series. Observing the reidual ACF and PACF plots, 
we “ nd that none of the coe�  cients signi“ cantly deviate 
from zero. Consequently, we conclude that the error term 
(residuals) does not play a signi“ cant role in the ARIMA 
(2, 0, 2) model.         

    Model selection and�analysis with�seismic events 

 To select the best model, we conducted a correlation test 
between the denoised standardized values of measured radon 
(DZRn) and predicted radon  (DZRn * ) for each model. We 

used Pearson•s correlation coe�  cient to assess the rela-
tionship between actual standardized radon and predicted 
standardized radon for MLR, MLP and ARIMA models. A 
hypothesis test was employed to evaluate the correlation•s 
signi“ cance. The Null hypothesis states that the correlation 
coe�  cient is not signi“ cantly di� erent from zero, indicat-
ing no signi“ cant relationship between the two variables. 
Conversely, the Alternative hypothesis suggests a signi“ -
cant relationship between the variables, as the correlation 
coe�  cient di� ers signi“ cantly from zero. We determined 
whether to reject or accept the Null hypothesis by calculat-
ing the  t  value and its corresponding p-value. If the p value 
is less than the signi“ cance level (� = 0.05), we reject the 
Null hypothesis; otherwise, we reject the Alternative hypoth-
esis. Summary of the linear correlation test is highlighted 
in Table� 4 .  

 The table data reveals that the correlation test between 
measured (DZRn) and predicted  (DZRn * ) radon is statisti-
cally signi“ cant for all models, as evidenced by p-values 
consistently below the �-value (0.05). Consequently, we can 
con“ dently reject the null hypothesis and conclude that a 
signi“ cant relationship exists between the measured and pre-
dicted radon across all models. Notably, the ARIMA model 
stands out with the lowest p value and the highest correla-
tion coe�  cient, indicating the most robust statistical signi“ -
cance in capturing the relationship between measured and 
predicted radon. The linear “ t of the measured and predicted 
radon for di� erent models is shown in Fig.� 8 .         

 This observation is further supported by the highest 
F-value in the ARIMA model; re” ecting reduced noise and 
superior model performance (refer Table� 5 ). The F-value is 
de“ ned as the ratio of Mean Square (Regression) to Mean 
Square (Residual), with higher values indicating a better-
“ tting model.  

 Therefore we calculate the residual radon for ARIMA 
model and utilize this value for the analysis in conjunction 
with seismic events that occurred during the observation 
period. While the in” uence of noise and environmental 
parameters on residual radon is minimal, we have incorpo-
rated the mean ± standard deviation (SD) method to iden-
tify any potential anomalous variations and correlate them 
with seismic events. Several authors (King et�al.  1996 ; Fu 
et�al.  2005 ; Jaishi et�al.  2014a ,  b ,  c ) have recommended 
mean ± 2SD as the threshold for identifying radon anoma-
lies associated with seismic events. However, it is worth 
noting that Pinault and Baubron ( 1996 ) have proposed that 
changes in soil moisture and soil water content can poten-
tially increase radon anomalies by a factor of 2…4. In our 
study, we have considered mean ± 4SD from the mean as the 
threshold for identifying anomalous variations in residual 
radon that may be attributed to seismic events. Any lower 
peaks have been categorized as false anomalies. The next 
step in the process is to identify earthquakes that can be 

  Fig. 6       ACF and PACF plots of measured radon data  
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correlated with the residual radon observed during the 
investigation period. Several authors have previously pro-
posed various models for selecting earthquakes that exhibit 
correlations with soil radon data (Dobrovolsky et�al.  1979 ; 
Rikitake  1979 ; Fleischer  1981 ). In this current investigation, 
we employ the following equation established by Dobrovol-
sky et�al. ( 1979 ) to determine earthquakes occurring in the 
vicinity of the study area throughout the observation period.

      
Here, •RŽ represents the epicentral distance in kilometers, 
and •MŽ denotes the earthquake•s magnitude. A summary 
of earthquakes (  https:// seismo. gov. in/    ) meeting the criteria 
speci“ ed in Eq.� 11  can be found in Table� 6 .  

 Figure� 9  illustrates the plot of residual radon levels and 
the earthquakes that occurred during the observation period.         

 From the “ gure, we can observe an anomalous radon 
peak exceeding 5 standard deviations (SD), that occurred 

 (11)R = 10exp0.43M

on 10/06/2016. This particular peak can be linked to the 
M5.4 earthquake (27/06/2016), situated at an approximate 
distance of 123.9�km from the radon monitoring site. Con-
sidering that radon measurements were conducted on a 
weekly basis, the temporal discrepancy between the occur-
rence of radon anomalies and the earthquake event can 
be calculated by adding 7�days to the radon peak obser-
vation day. Thus, the temporal interval preceding the 
M5.4 earthquake and the radon peak was determined to 
be 24�days (17�days + 7�days). Another peak near 1.5 SD, 
was detected on 07/06/2013. Nonetheless, this observed 
peak remained considerably below the 2 SD threshold, 
and no earthquakes occurred in proximity to this observed 
peak during the observation period. Consequently, we 
regarded this second peak as false anomalies, potentially 
attributed to variations in environmental parameters or 
external factors. Throughout the measurement period, a 
total of eight earthquakes ranging from magnitude M3.5 to 
M6.9 occurred in the vicinity of the study area. However, 

  Fig. 7       ACF and PACF plots of residual radon data  

  Table 4       Summary of the linear correlation test between measured and predicted radon for di� erent models  

  Predicted variables    Intercept    Slope    Statistics  

  Value    Standard error    Value    Standard error    Pearson•s r    Adj. R-square    t-test    p value (Sig.)  

  DZRn *  (MLR)    0.00165    0.0673    0.564    0.086    0.441    0.190    6.558    6.55E-10  

  DZRn *  (MLP)    0.00798    0.0217    0.207    0.028    0.489    0.234    7.393    3.74E-12  

  DZRn *  (ARIMA)    Š�0.00181    0.0278    0.597    0.036    0.784    0.612    16.583    1.85E-38  
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the understanding of soil degassing mechanisms preceding 
earthquakes. Such comprehensive approaches hold prom-
ise for more precise identi“ cation of radon anomalies and 
their relationship to seismic events. 
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  2014-12-21 11:07:38 IST    24.30    94.55    104    5.3    70�km S of Ukhrul, Manipur, India    168.1  

  2016-01-04 04:35:20 IST    24.84    93.47    28    6.6    37�km NW of Bishnupur, Manipur, India    158.1  

  2016-04-13 19:25:19 IST    23.10    94.66    130    6.9    141�km ESE of Champhai, Mizoram, India    203.4  

  2016-06-27 05:57:41 IST    22.71    92.25    10    5.4    83�km SW of Thenzawl, Mizoram, India    123.9  

  Fig. 9       Plot of residual radon 
(for ARIMA model) during the 
period of observation. The solid 
stars indicate the earthquakes 
that occurred during the meas-
urement period  
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