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Abstract 
[bookmark: _Hlk85492168][bookmark: _Hlk85492197][bookmark: _Hlk85492474][bookmark: _Hlk85717428][bookmark: OLE_LINK1]In recent years, many destructive wildfires have plagued California. Extreme fire conditions, such as drought, have been taking place simultaneously with many of these wildfires. In this study, the relationship was quantified between the self-calibrated Palmer Drought Severity Index (sc-PDSI) and wildfire burn area (BA) in California during the time of 1984-2018, and results indicate that the drought is a significant driver of wildfire BA in California. The methods of wavelet transform coherence, cross wavelet transform, and continuous wavelet transform were used in conjunction with machine learning algorithms to analyze and establish the relationship between sc-PDSI and wildfire BA. This study concludes that there was a statistically significant relationship between wildfire BA and sc-PDSI in 6-8-, 5-6-, and 2–3-year bands during the study period, during which sc-PDSI was one of the main drivers for wildfire BA. In addition, machine learning was utilized in conjunction with the Quantile Regression Model (QRM) in order to quantify the relationship between sc-PDSI and wildfire BA in California. The findings provide a promising direction to improved prediction of wildfire BA which is significant in the aid of damage control of wildfires in California, potentially leading to fewer burned acres, less economic damage, and fewer casualties.   
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[bookmark: _Hlk79406269]Summary text:
[bookmark: _Hlk85492711][bookmark: _Hlk85492657]In this study, the relationship was quantified between the self-calibrated Palmer Drought Severity Index and wildfire burn area in California during the time period 1984-2018. The results indicate that the drought was one of the main drivers for wildfire burn area in California. The results can be used to aid damage control of future wildfires in California. 
Introduction 
[bookmark: _Hlk85458421][bookmark: _Hlk85487522][bookmark: _Hlk85489705][bookmark: _Hlk85489189]In recent years, the number of wildfires has increased, and wildfires have spread more rapidly, becoming more difficult to control (Thompson et al. 2015; Brainard 2020). Especially in the state of California in the United States, wildfires have been devastating, coinciding with extreme fire weather conditions: anomalously warm conditions and the late arrival of autumn precipitation (Goss et al. 2020). These deadly fires have caused over 150 fatalities, the burning of over 30,000 structures, and the scorching of over 1.2 million hectares (Keyser et al.  2019). In 2019 alone, California fires cost over $163 million to put out, and the total economic damage was over $80 billion (Abatzoglou et al. 2020). Additionally, millions across the state were exposed to wildfire smoke, resulting in public health emergencies, degraded air quality, and the closing of many schools and facilities (Mull 2018). California critically needs quantitative assessments and predictions that will reshape its approach to its current crisis, as experts say current immediate answers are futile (Abatzoglou et al. 2020). Therefore, it is crucial for us to examine climate and other factors that potentially affect wildfires but are understood to a limited extent in the literature. A critical example of such is the possible relationships between drought, climate, and wildfires (Taufik et al. 2017).
[bookmark: _Hlk85489650]Recent studies have worked to determine the significance of climate in relation to wildfires. Climate change has increased the risk and extent of wildfires in the Western United States, as well as the dryness of forest fuels, which is organic matter that burns and spreads wildfires (Riley et al. 2013; Addington et al. 2015, Markovic et al. 2016; Williams et al. 2018; Di Virgilio et al. 2019; Keyser et al. 2019; Goss et al. 2020). The warmer and drier conditions caused by climate changes lead to increased drought, longer fire seasons, and larger wildfires that are much more difficult to put out (Heyerdahl et al. 2008; Stavros et al. 2014; Harvey 2016). Climate projections indicate that, for much of the Western United States, an annual increase of 1 degree Celsius can cause the median burned area per year to increase by as much as 600% in some forest types (Abatzoglou et al. 2020 and Taufik et al. 2017). In addition, quantitative models that incorporate climate data have generated far better predictions of area burned than models which did not (Riley et al. 2013).  Therefore, it’s clear to see that the relationship between fire occurrence and drought has important implications for wildfire prediction. 
[bookmark: _Hlk85805098]Obtaining further information about the relationship between wildfires and drought is likely to be extremely beneficial to our knowledge of wildfire prevention and control. Numerous studies have provided substantial insight into the impacts of climates on wildfire (Starvros et al. 2014; Chaparro et al. 2016; Silva et al. 2020). Riley et al. (2013) evaluated correlations between drought and fire-danger-rating indices to determine which had the strongest relationships with large fire occurrences in the western USA for 1984–2008. Goss et al. (2020) concluded that the meteorological factors enable extreme autumn wildfires in California by the end of this century based on climate model simulations. Additional studies have found that climate forcing has strong impacts on extreme fire, and half of the increase in wildfires in the western U.S. are due to warm weather (Kirchmeier-Young et al. 2019; Abatzoglou et al. 2020; Silva et al. 2020) 
[bookmark: _Hlk85805794][bookmark: _Hlk85807090][bookmark: _Hlk85805407]However, there are still many current problems within studies of wildfires and climate. An important one is that much previous work has been conducted at large spatial scales with annual time steps and relatively short study periods (Moritz et al. 2012;  Swetnam et al. 2016). For example, Scasta et al. (2017) studied droughts and wildfire in Western U.S. from 2003 to 2015 using an annual time scale. However, daily and monthly fluctuations in weather, which are strong determinants of fire ignition and spread, are subsequently overlooked at the annual level. In addition, a long period with a large enough sample size of fires is significant for statistical analysis. To date, there is limited understanding of the impacts of monthly droughts and other climate variables on wildfires, despite the possible paramount knowledge that can be gained. In this study, long term, high spatial, and temporal scales datasets were utilized. 
 The second challenge is that although some previous works have developed relationships between wildfire with drought, the studies characterized drought using only precipitation, soil moisture, or groundwater tables (Williams et al. 2013; Dennison et al. 2014; Westerling 2016; Scastaa et al. 2016; Taufik et al. 2017; Keyser et al. 2019; Abatzoglou et al. 2020). For example, Taufik et al. (2017) studied the relationship between hydrological drought and wildfire in Borneo; however, the study only used groundwater dynamics to characterize drought. In Scasta et al. (2017)’s studies, the relationship between precipitation (moisture conditions) and wildfire was developed. However, the impact of combined climate parameters on fires is also critical, yet was not examined. In this study, a self-calibrated Palmer Drought Severity Index (sc-PDSI) was used. The PDSI (Palmer, 1965) is a well-known drought index that uses calculations based on temperature, soil moisture, precipitation, evaporation, and other climate characters. sc-PDSI was then created as a key drought index that improves the performance of the traditional PDSI by dynamically replacing the averaged empirical factors with weighted climatic characteristics, which brings satisfactory results between diverse climatological regions (Heyerdahl et al. 2008). In conclusion, sc-PDSI is a stronger explanatory factor to characterize drought than utilizing just precipitation, soil moisture, or the groundwater tables as done in previous studies (Dennison et al. 2014; Westerling 2016; Abatzoglou et al. 2020). 
The third challenge in wildfire studies is quantifying the relationship between drought and wildfires, which is significant for wildfire-prediction. Therefore, if mastered, quantifying the relationship between drought and wildfires could potentially save hundreds of lives and billions of dollars, as well as reduce harmful impacts on our environment. However, the majority of wildfire-prediction studies have a much larger percentage for error due to their analysis methods (Moritz et al. 2012;  Swetnam et al. 2016; Westerling 2016). For example, Margolis et al. (2017) used cluster group analysis which can easily contain biased data within cluster groups. Riley et al. (2013) evaluated the relationship between drought and wildfire using the linear regression method in which the extreme events were lacking. In this study, the challenge of quantifying the relationship between drought and wildfires was addressed by improved methods. The methods include the machine learning of quantile regression, as well as the wavelet transform coherence (WTC) and cross wavelet transform (XWT) in conjunction with machine learning for classification and regression. Furthermore, the continuous wavelet transform (CWT) was utilized to generate 2-D time-frequency maps of drought and wildfire, which is a powerful approach for signal classification. The ability of the CWT to simultaneously capture steady-state and transient behavior in time-series data makes the wavelet-based time-frequency representation particularly robust when paired with machine learning. 
[bookmark: _Hlk85489769]The main research questions were: (1) How did drought affect wildfires in California from 1984 to 2018? (2) Is there a relationship between drought and wildfires? (3) How can the relationship be quantified?
[bookmark: _Hlk85489865]To answer the three research questions, this study investigates the relationship between California droughts and wildfire burn area (BA) in a framework of machine learning: the relationship between the two variables is examined in a time-frequency domain using Wavelet Analysis. In addition, the relationship is quantified using Quantile Regression Model (QRM).

 Methodology 
Study Area 
[bookmark: _Hlk62077820]The state of California (Figure 1) was chosen for this study. The recent wildfires in California have garnered widespread attention with significant economic losses and human health damages. According to a recent survey conducted by Insurance Information Institute (www.iii.org), California ranks as the state with the most extreme wildfire risk in the United States. In addition, all of the top 10 costliest wildfires in U.S. history have occurred in California, causing a total loss of about 3 billion U.S. dollars (www.iii.org).
[bookmark: OLE_LINK4]Data 
Fire records (e.g., ignition date, burned acres) from 1984 to 2018 in California were found through the Monitoring Trends in Burn Severity (MTBS) program (www.mtbs.gov). The MTBS program was conducted jointly by the US Forest Service and US Geological Survey, which records the wildfire BA of large fires since 1984 based on Landsat imagery (Eidenshink et al. 2007). The MTBS datasets address some inconsistent and incomplete issues in previous records and exclude duplicated records. Fires included in the data bundles were limited to those marked as “wildfire” (total 1581 wildfires, plotted in Figure 1) and excluded 204 non-wildfires (i.e., prescribed fire, complex fire, and wildland fire use). Prescribed fire is a common forest management tool for reducing accumulating fuels, yet the purpose of the study is to evaluate the relationships between meteorological drought and natural activity, i.e., wildfire, so therefore prescribed fires should be excluded from the analysis. 
[bookmark: _Hlk85734723][bookmark: _Hlk85722539][bookmark: _Hlk85722377]The Palmer Drought Severity Index (PDSI) has been used for more than 30 years to quantify the severity of drought across different climates (Palmer 1965), and is the index most commonly used to assess drought and fire in the literature (Heyerdahl et al. 2008). The PDSI calculation is based on precipitation as well as climatic differences between locations and seasons of the year (Palmer 1965). However, there has been criticism of the PDSI over the years that the values are not comparable between diverse climatological regions, which sometimes brings unsatisfactory results, especially in the western United States (Guttman et al. 1992). Recently, sc-PDSI was created which improves the performance of the PDSI by dynamically replacing the averaged empirical constants that Palmer (1965) used with weighted climatic characteristics, and automatically calculating the duration factors (Wells et al., 2004). Therefore, sc-PDSI is used to conduct this research. 
In this study, monthly sc-PDSI and climate data (precipitation and temperature) from 1984 to 2018 were obtained from the Western Regional Climate Center. The center developed the data jointly with Regional Climate Center, Desert Research Institute, National Oceanic and Atmospheric Administration, and National Center for Environmental Information.  
Methodology 
[bookmark: _Hlk85806012][bookmark: _Hlk85806107]To answer the research questions, a quantified relationship between sc-PDSI and wildfire BA was developed in a framework of machine learning: combining wavelet analysis with quantile regression. The CWT and the XWT were utilized for examining relationships between drought and wildfire in time-frequency space. Thereafter, the Quantile Regression Model (QRM) was used to estimate the relationship between wildfire BA and sc-PDSI. This relationship between wildfire BA and sc-PDSI is a valuable platform that can lead to many new studies and tools, such as investigation of relations between wildfire and many other climatic drivers, e.g., El Niño-Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), the Atlantic Multidecadal Oscillation (AMO), etc. which could be analyzed using a similar approach as the one put forward in this model. In addition, the results from the QRM algorithms can generate accurate predictions that can aid in the damage control of wildfires in California. 
[bookmark: _Hlk55057887]The CWT transforms a one-dimensional time series to a two-dimensional time-frequency image; simultaneously, it shows the amplitude of all periodic signals within the series, as well as how the amplitude varies with time (Wallace et al. 1993; Torrence and Compo, 1998; Torrence and Webster, 1999). The wavelet analysis tools used in the present study include CWT, XWT, and the wavelet transform coherence (WTC). The continuous wavelet transform Wn of a discrete sequence of observations xn is defined as the convolution of xn, with a scale s and wavelet ψ(x): 
[image: ]                                                 (1)
[bookmark: _Hlk55057898]where n is the localized time index, s is the wavelet scale, δt is the time step, N is the number of points in the time series, and the asterisk indicates the complex conjugate. CWT expands time series into time frequency space and therefore one can find localized intermittent periodicities with it (Torrence and Compo, 1998).
The XWT was used to calculate coincident high common power between two time series by the expression of [image: ] , where (*) means theta complex conjugate.  XWT is often used to examine whether regions in time frequency space with a large common power have a consistent phase relationship, and therefore are suggestive of causality between the time series (Torrence and Webster, 1999).
The WTC was utilized to identify frequency bands and time intervals where two time series were related (Torrence and Webster, 1999). The wavelet coherency Rn is defined as:
[image: ]                                               (2)
The significance of the correlation is computed using a Monte Carlo approach (Wallace et al. 1992).
[bookmark: _Hlk85806215]To further understand the correlation between sc-PDSI and wildfires, the QRM was utilized to develop the quantitative relationship between sc-PDSI and wildfire BA. The QRM is a statistical machine learning tool intended to estimate and conduct inferences about conditional quantile functions, providing a more complete statistical analysis of the stochastic relationships among random variables (Andrews et al. 2003), which may best represent the true relationship between PDSI and wildfires in California.
The QRM can be expressed as:
[image: ]                                                  (3)
where 0<p<1 indicates the proportion of the population having scores below the quantile at p, where [image: ] and [image: ] are pairs of the data, based on the sample of the PDSI and wildfire BA.    [image: ]is the error term, which is independent and identically distributed for i =1, 2,…, n.  [image: ]is the quantile-specific parameter (Huang et al. 1996; Hirschi et al. 2011).
QRM estimates multiple rates of change from the minimum to maximum of the two variables and therefore can provide a more complete picture of the relationship between sc-PDSI and wildfire BA. In this study, the 90th, 95th and 99th quantiles were used, with the 90th quantile representing the 10-year wildfire, the 95th quantile representing the 50-year wildfire, and the 99th quantile representing the 100-year wildfire.

Results 
Observation of wildfires in California 
[bookmark: OLE_LINK8]Wildfires were irregularly distributed throughout California during the study period (Figure 1). Figures 2a shows the annual series of wildfire incidence (number of ignitions) from 1984-2018 in California and indicates that there was no apparent trend in wildfire incidence. The highest wildfire occurrence was in 2009 with a total of 99 wildfires. However, there was an overall increase in acres burned by wildfire over this same period (Fig.2b). The fire with the largest BA occurred in 2018 and burned 4 ×10 6 hectares (ha). Fig. 2c shows the seasonal distribution of BA and wildfire incidence (averaged from 1984 to 2018) in California. Not only did the majority of California wildfires occur within the two months of July and August, the fires that occurred within these two months also had the greatest BA compared to other wildfires. This strong relationship between climatic factors and wildfires during July and August is a result of the Mediterranean-like climate with warm, dry summers and mild, wet winters (Riley et al. 2013) that occur in California. 
Figure 3 illustrates the combined influence of monthly precipitation and temperature on the current month wildfire area in California, which clearly indicates that all of the disastrous wildfires (BA > 1.5×10 6 ha) occurred in the months when precipitation (P) was extremely low (<1.0cms) and the air temperature (T) was relatively high (>21C).  
To estimate the relationship between P and T with wildfire, the multiple linear regression methodology (Equation 4) was applied, as it can predict wildfire BA with independent variables P and T. However, the R-squared (R2) of the model is only 0.04, which is not satisfactory for prediction. Table 2 provides the detailed calculated results, which also show that none of the P-values for the intercept, P, and T are above the 1% significance level.
                                                                              (4)
where Y is wildfire BA (hectares of burned area); β0 is the intercept; β1 and β2 are the regression coefficients for P and T, respectively.
Overall, there is a relationship between precipitation and temperature with wildfire. However, the weak correlation cannot be utilized for future wildfire prediction. The relationship between wildfire BA and sc-PDSI was re-evaluated using the following strategies: (a) choosing a synthetic parameter as the independent variable, i.e., sc-PDSI, rather than including more climatic variables such as evaporation, infiltration, etc; (b) examining the relationships in time-frequency space between the two-time series by using machine learning with the wavelet analysis algorithm; (c) further estimating the relation between wildfire and climate using the QRM. 
3.2.  Wavelet analysis results
The wavelet analysis results of BA and sc-PDSI are shown in Figures 4a and 4b. The CWT showcased a considerable amount of high power in the 5–6-year period from 2004 to 2015 for both BA (Fig. 4a) and sc-PDSI (Fig.4b). The most pronounced variability within the wavelet power spectrum is observed during the 5-6-year period from 2002 to 2015, associated with the BA pattern. The signals from the model are powerful enough to be statistically significant (associated with 95% significance). The sc-PDSI wavelet power also showed slightly stronger 2–3-year power from 1992 to 1998, although not enough to be statistically significant. Overall, it is difficult to identify by sight a pattern of correlation between the BA and sc-PDSI in California in the CWT.
To further identify the relationship, the XWT was performed between BA and sc-PDSI (Figure 5a).  The contours represent statistically significant periods (95% significance), based on the Monte Carlo experiment. The phase lag between BA and sc-PDSI is plotted as an arrow from 1984 to 2018. Horizontal arrows point right for time series in-phase and left for out-of-phase; vertical arrows point up when X leads Y and down when Y leads X. Wildfire BA and sc-PDSI share common power in the 4–7year period from 2002 to 2015 and the 2–3year period from 1997 to 2000. This suggests that wildfire BA is closely related to sc-PDSI in the common power years. The occurrence of one strong drought (sc-PDSI) can lead to large variability in wildfire BA in California. The areas are in-phase (phase-locked), which indicates that droughts lead wildfire BA in California. In other words, sc-PDSI is an important factor in wildfire forecasting. The results presented in Figure 5a confirm that the common XWT power of wildfire BA and sc-PDSI have a strong relationship.  
To ensure the results were not by chance, and to further investigate the plausible relation between BA and sc-PDSI, the square WTC of the two variables was performed (Figure 5b).  The most notable feature is that wildfire BA and sc-PDSI are very well correlated at the statistically significant level, with high coefficients in the 6–8 period over the entire study period (1984-2018). This means the two variables are strongly correlated on this time scale, indicating the wildfire BA is controlled by sc-PDSI in this time period. The in-phase correlation and the level arrows suggest that a model based on the 6–8year period of sc-PDSI could have predictive skill for wildfire BA. Two other XWT significant areas with 5–6 and 2–3year periods were seen from 2005 to 2012, and 1993 to 2005 respectively. These correlations also reflect the combination of strong wildfire BA and sc-PDSI signal, indicating sc-PDSI is a climate driver for wildfire. The significant regions are so extensive that it is very unlikely to be simply by chance.
QRM results 
Fig. 6 shows the QRM scatterplot and the Ordinary-Least-Squares (OLS) linear regression plots of the BA and sc-PDSI data. When the goodness-of-fit measure is used, the R-square of the OLS is the low number of 0.0401, which cannot be used to predict the wildfire BA. To overcome this defect, the QRM was utilized instead to estimate the relationship between BA and sc-PDSI. The 90th, 95th, and 99th (τ = 0.9, 0.95, 0.99) percentiles correspond to the drought return periods of 10, 50, and 100 years, respectively. Some potentially significant relationships which cannot be detected by OLS are observed. Firstly, the correlation of the 90th percentile with R-square is 0.9773. Secondly, the QRM of the 95th (R-square 0.9619) and 99th (R-square 0.9771) percentiles had relationships almost as strong as the 90th quantile between the wildfire BA and sc-PDSI. Thirdly, the larger fires occurred more often during the drier period (lower sc-PDSI). Furthermore, the slopes of the quantile regression lines were negative, indicating that there is a negative relationship between BA and sc-PDSI, meaning BA increases with drought severity (lower sc-PDSI values). The QRM illustrates that large fires (higher BA) tend to occur when quantile is above the 90th percentile. Based on these results, the index where sc-PDSI is above the 90th percentile has the most power in predicting large fire occurrences in California. The relations between BA and sc-PDSI were developed as follows: 
1.                     (5a)
2.                       (5b)
3.                       (5c)
where BA is the wildfire BA (hectares) in California. Future sc-PDSI can be calculated by Global Climate Models (GCMs).
Conclusion and discussion 
[bookmark: _Hlk85490105]In this study, machine learning was conducted through the wavelet analysis algorithm to investigate the relationship between wildfire BA and sc-PDSI. The relationship was also quantified by using machine learning of the QRM. The results from this study have significant implications for future wildfire prediction in California. The major findings are: 
1. There was an increasing trend in wildfire burn area, but no trend in wildfire numbers from 1984 to 2018 in California. Most wildfires occurred during July and August when the weather is hot and dry.  There are also implications when it comes to discussing climate change’s impact.
2. Wavelet analysis (CWT, XWT, and WTC) results signify that there was a significant relationship between wildfire BA and sc-PDSI in 6–8 year, 5–6 year, and 2–3-year periods. The relationship was statistically significant (associated with 95% significance) and indicates that sc-PDSI is one of the main drivers for the wildfire BA in these periods. 
In this study, an improved method using finer time scales (monthly) and a longer study period (1984-2018) was used to give much more accurate findings as well as a more robust relationship.
3. QRM results show that wildfire BA negatively correlated to sc-PDSI with the higher correlation at the 90th quantile indicating larger sc-PDSI strongly correlated with larger wildfire or severe wildfire. The results suggest that the sc-PDSI impact on wildfire BA is more pronounced in more severe wildfires compared to small wildfires. 
[bookmark: _Hlk85490341][bookmark: _Hlk85806417]4. A quantitative relationship between sc-PDSI and wildfire BA was developed using machine learning in conjunction with the QRM. The relationship provides a promising direction to improved prediction of wildfire BA in California.
[bookmark: _Hlk85490418][bookmark: _Hlk85806525]In conclusion, the methodology used was successful in developing the relationship between sc-PDSI and wildfire BA, and therefore can be used in wildfire studies. These findings are extremely important as the quantified relationship is much more robust than previous ones and has possible implications on determining future wildfires in California. The results have benefits for land and water management, and human health, saving both resources and potentially also lives. 
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Fig.1 Map of the study area, i.e., California, western US. The figure shows all fires included in the analysis, selected from the Monitoring Trends in Burn Severity database.
Figure 2. Yearly series of (a) wildfire incidence (number of ignitions) and (b) wildfire burn area (hectares burned by wildfire) from 1984-2018 in California. (c) seasonal distribution of wildfire burn area and incidence in California (averaged over the period of 1984-2018).
[bookmark: _Hlk62073764]Fig. 3. Combined influence of monthly precipitation and temperature on current-month wildfire burn area in California. 
Fig. 4. The time series of (a) burn area (b) sc-PDSI and continuous wavelet power spectrum of burn area (c) and sc-PDSI (d). The thick black contour designates the 5% significance level against red noise and the cone of influence (COI) where edge effects might distort the picture is shown as a lighter shade.
Fig. 5. (a) cross wavelet transforms of and (b) wavelet coherence between the standardized burn area and sc-PDSI. The 5% significance level against red noise is shown as a thick contour. The relative phase relationship is shown as arrows (with in-phase pointing right, anti-phase pointing left, and sc-PDSI leading burn area by 90º pointing straight up).
Fig. 6. Scatterplot and Quantile Regression Fits of the burn area v.s. sc-PDSI data: the blue line represents the traditional OLS linear regression which estimates the conditional mean function; the quantile regression line with median τ = 0.5, 0.9, 0.95, and 0.99 are presented by the blue, yellow, gray, and orange lines, respectively.  

Table 1. Examples of fire events in California 
A look at the specifics from various wildfires in the MTBS datasets as an example, with focus being on fire type and the number of hectares burned.
	Fire Name 
	Hectares 
	Ignition Date 
	Fire Type

	GRIMES FIRE 
	4418 
	1984/5/7 
	Wildfire

	SHELL PEAK 
	719 
	1984/5/28 
	Prescribed Fire

	SOUTH PARK COMPLEX 
	853 
	1999/7/11 
	Wildland Fire Use

	PENDLETON COMPLEX 
	1200 
	2018/7/6 
	Complex

	WOOLSEY 
	39644 
	2018/11/8 
	Wildfire



Table 2. Multiple linear regression model for wildfire burn area
Table provide the detailed calculated P-values, coefficient, standard error, and standardize deviation values for the intercept, P, and T. 
	Term
	Coefficient, β
	Standard error
	t Stat
	P-value

	Intercept
	-254277
	157447
	-1.615
	0.108

	P
	277.532
	19942.7
	0.014
	0.989

	T
	5029.34
	2171.86
	2.316
	0.022
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