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➢ Introduction:  

- Climate change has become a critical issue in the modern world, with temperatures rising 

at an unprecedented rate due to human activities. In this context, it is essential to understand 

the spatial patterns and variability of temperature in different regions, as well as the factors 

that drive temperature changes. 

- California is a state that has seen a significant increase in temperature over the last few 

decades, making it an ideal location for studying the spatial patterns of temperature. In this 

report, we conduct a complete spatial data analysis of temperature values in California 

using real temperature data from California state. Our analysis aims to identify the spatial 

patterns and variability of temperature in California, as well as the factors that drive these 

patterns. 

➢ Objectives: 

1. To conduct an exploratory data analysis of the temperature values in California using the 

real temperature data, including examining the distribution of the data, outliers and spatial 

autocorrelation. 

2. To assess the spatial autocorrelation in the temperature values, which means, the degree to 

which nearby locations have similar temperature values, using spatial autocorrelation 

statistics such as Moran's I or Geary's C. 

3. To cluster the temperature values based on their spatial dependency and identify groups of 

locations with similar temperature patterns. 

4. To interpolate the temperature values at unsampled locations using spatial interpolation 

techniques such as inverse distance weighting and kriging.  

5. To fit a statistical model to the temperature values to identify the factors that influence 

temperature variation, using spatial regression techniques such as geographically weighted 

regression. 

We aim to gain insights into the spatial patterns and variability of temperature in California, as 

well as the factors that drive these patterns. This knowledge can be valuable for policymakers and 

researchers working to mitigate the impacts of climate change in California and other regions. 
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➢ Data Analysis: 

1. Data Description: 

i. Checking the Normality Assumption: 

- Figure (1): From the histogram it appears that it is 

asymmetric distribution and the data are skewed to the 

right indicating that the normality assumption does not 

hold and it is indication of a potential outliers. 

 

ii. Identifying Outliers: 

- Figure (2): The box plot reveals the presence of outliers 

in the temperature data. Outliers are observations that lie 

significantly outside the whiskers of the box plot, 

indicating extreme values that are distinct from the 

majority of the data. 

 

iii. Exploring Relationships: 

- Figure (3):  Shows that the difference in values between 

the top and bottom of the bubble plot suggests a vertical 

pattern or gradient in the temperature data. This means that 

as you move from the bottom to the top of the plot, there is 

a systematic increase in temperature values. 

 

 

2. Measuring the Spatial Dependency and Autocorrelation: 

- First of all, we have to check if there is an autocorrelation or spatial dependency and to 

understand if there is a spatial pattern of similarity or dissimilarity in the temperature across 

California. 

- One of the methods to check the autocorrelation is Moran’s I statistic.  

Figure (1): Histogram of the data 

Figure (2): Temperature Box Plot 

Figure (3): Bubble Plot 
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▪ Moran’s I:   

- Moran's I statistic is a commonly used measure in spatial statistics to assess the presence 

and strength of spatial autocorrelation in a dataset. The goal is to uncover any significant 

spatial patterns and provide insights into the spatial dependence of temperature 

measurements. 

Upon calculating Moran’s, I for the temperature dataset, we obtained the following results: 

o Observed Moran's I: 0.2548929 

o Expected Moran's I under the assumption of spatial randomness: -0.002197802 

o Standard deviation (SD) of Moran's I: 0.005153807 

o p-value is equal 0. 

Since the (observed Moran’s I = 0.2548929) is greater than the (Expected Moran’s I = -

0.002197802) and the p-value = 0 is less than 0.05, therefore this indicates statistical significance 

weak positive autocorrelation in the temperature data. 

This suggests that locations with similar temperature values tend to be spatially clustered, while 

locations with dissimilar values are also clustered together. 

▪ Moran’s I plot:  

In the plot, positive values of Moran's I are shown in the upper-right (High-High) quadrant, 

indicating clusters of locations with similar temperature values (Hot Spot). While, in the lower-

left quadrant (Low-Low), representing clusters of locations with similar temperature values (Cold 

Spot). The horizontal line at Moran's I = 0 indicates the threshold for spatial randomness. 

Figure (4): Shows that there are clusters in the 

high-high quadrant and in the low-low quadrant 

which indicates that there is hot spot and cold 

spot. Moreover, the values in the high-low and 

low-high quadrant are considered outliers.  

Figure (4): Moran's I Plot 
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▪ LISA plot:  

- The LISA plot provides insights into the spatial 

clustering patterns and identifies local areas of 

significance in terms of similarity or dissimilarity in 

the variable of interest. 

- Figure (5): Shows a bubble-plot of observations 

against spatial coordinates. Above mean values are 

signified by red circles. While below mean values 

are signified by black squares. Thus, spatial hot-

spots are represented by red filled circles and cold-spots by 

black filled squares. 

- Therefore, as we go from downward to upward, the values of the temperature become 

higher. And in the upper-left quadrant there is a hot spot, while in the lower-right quadrant 

there is a cold spot. Additionally, we have a high low outlier in the upper right quadrant, 

also we have low-high outliers in the lower-right quadrant. 

3. Trend Surface Model: 

- The trend surface model is a widely used technique in spatial analysis and geo-statistics 

that aims to capture and describe the underlying spatial trends or patterns in a dataset. It is 

particularly useful when dealing with continuous variables, such as temperature, where 

there is an expectation of smooth and gradual changes across the study area. The trend 

surface model allows us to estimate a surface or function that best represents the overall 

trend in the data, providing valuable insights into spatial patterns and variations. 

- Moreover, it is a regression model where the explanatory variables are the spatial 

coordinates (longitude, latitude), and the response variable is Z and It follows the same 

assumptions of regression models and it can be used as interpolation tool but in certain 

condition such that there is very low value of autocorrelation and it depends on the 

relationship between x and y. 

First, we need to make 3D plot of the data as the 3D plots can figure out the type of the relation. 

 

Figure (5): LISA Plot 
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- Figure (6): We can see from this figure 

that there are many curves, so we have to 

check the model that best fits our data. 

However, we have to check all the 

probable models. 

 

We will choose according to Akaike Information Criteria (AIC) rather than the R-squared as the 

AIC indicates the trade-off between model complexity and goodness of fit, with lower values 

indicating a better balance between the two. The AIC increases by increasing number of 

parameters and considers the problem of losing the degrees of freedom and it tells us the difference 

between the two models is not worth adding parameters so, we will go forward to the fourth order 

trend surface model as it has lowest AIC. 

▪ The Fourth Order Trend Surface Model: 

- Figure (7): Shows the fourth order trend surface 

model which indicates continuous surface that 

approximates the temperature distribution across 

the study area. It allows us to visualize the overall 

trend and identify regions of higher or lower 

temperatures. Additionally, the model enables the 

estimation of temperature values at unobserved locations 

based on the spatial relationships captured in the data. 

Other Model fits are in the Appendix.   

▪ Contour Lines:  

- In the context of the temperature analysis in California, contour lines provide a visual 

representation of the temperature values at different locations, highlighting areas of higher 

and lower temperatures. By plotting contour lines, we can observe spatial patterns, identify 

temperature gradients, and gain insights into the overall temperature landscape. 

 

Figure (6): 3D Scatter Plot 

Figure (7): 4th Order Trend Surface 

Model Plot 



 
 

 

7       

- Figure (8): Shows the contour lines generated 

from the trend surface model provide a clear 

depiction of the spatial distribution of 

temperature in California. Each contour line 

represents a specific temperature value, 

connecting locations with similar temperature 

readings. The contour lines can be interpreted 

as isolines, separating areas with different 

temperature ranges. 

- We can exactly specify the values lying on the contour lines such as the points with values 

of 2000/4000/6000/8000/10000, but we cannot do the same for the points lying between 

two contours. The range between the contour lines are constant = 2000. 

- Since the area between contour is large, this indicates having more variables. 

4. Spatial Interpolation:  

1) Inverse Distance Weighting: 

- It is one of the most common methods in spatial interpolation, it is based on the idea that 

the interpolating area should be influenced by the closer stations than the distant ones. 

- We will use IDW to give us an indicator of the dependency structure of the stations 

recording air quality in California. 

- We will use the most common form of IDW:  

 

 

 

o Where 𝑍̂(𝑆0) is the unsampled locations which we want to interpolate. We will use a grid 

as an interpolating surface. 

o Z(Si): is the sampled air quality at location “i” in California. 

o di0: is the distance between the interpolating surface (unsampled point on the grid) and 

the sampled locations. 

o P: the power of the distance, it will be determined using the MSE.  

Figure (8): Contour Lines 
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We will get the interpolated values of the last 56 observations and compare to the to their 

true sampled value using Mean Square Errors (MSE). We will compute MSE for five IDW 

models whose power of the distance ‘P’ ranges from 1 to 5. 

- Figure (9): Show the MSE for IDW models 

from p=1 to p=5. The figure shows that the 

IDW model with p =5 has the lowest MSE, so 

it is the best IDW model for interpolation.  

Note that: we tried IDW models with P > 5 & their MSE was 

greater than that of IDW model with p =5. 

▪ Predicted temperature of California using IDW: 

- Figure (10): Shows that the temperature is lower in the south of California compared to the 

north especially north west of California. The temperature in the southern parts of 

California is generally around 70. There is a small cluster in south with higher temperature 

than its surrounding points (around140) at (-120, -117) longitude& 34 latitude. 

Figure (9): R Output for the 

MSE for all p=1, ..., 5 

Figure (10): Temperature of California Using IDW 
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- It is the hottest in the north west of California where it reaches temperatures around 337. 

The points on the graph are the values of the temperature of the sampled locations (the 

bigger the points the higher the value of the temperature). 

- We can notice positive correlation between the values of the sampled locations and the 

predicted values, this indicates low prediction error at the sampled points. 

2) Kriging:  

- Kriging is a geostatistical interpolation technique commonly used in spatial analysis to 

estimate values at unobserved locations based on the values observed at nearby locations. 

It is particularly useful when dealing with spatially correlated data, such as temperature 

measurements, where the values at neighboring locations tend to be more similar than those 

farther apart. Kriging takes into account the spatial autocorrelation of the data to provide a 

spatially continuous estimate that captures the underlying trends and patterns in the 

variable of interest.0 

- It is an optimal linear estimator given by the following formula: 

 

 

o Where S0: the prediction location. 

o λi: weights for the sampled values at the ith location. 

o Si: the sampled value at the ith location. 

o N: number of the sampled location. 

- Kriging is a better spatial interpolator than IDW and trend surface model, as kriging takes 

into consideration the dependency or the spatial autocorrelation between the sampled 

location while IDW is a mathematical formula and trend surface model is a regression 

model (regression assumptions states no autocorrelation). 

- Kriging is a 2-step process: first, we want to determine the covariance structure of the 

sampled location by fitting a suitable variogram; and second, we estimate the weights λi 

using the fitted variogram which are used to spatial interpolation.  
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▪ Step 1: Fitting a Suitable Variogram:  

First, we need to fit and plot the empirical semi-variogram: 

- Figure (11): Shows the fitted empirical 

variogram. 

- However, we cannot use empirical variogram 

as estimate for variogram as it does not satisfy 

the condition of positive definite covariance 

and negative definite variogram so the 

variance will be with negative value thus we 

have to fit it using one of the parametric 

variograms. 

Second, we have to choose one of the parametric semi-variograms: 

- According to the plots we found that exponential variogram is best fit to our data. 

- And according to Error Sum of Squares the exponential semi-variogram is the lowest 

so it is best. 

- Figure (12): Shows the exponential semi-

variogram model which is represented by a 

smooth curve that best fits these empirical 

values indicating that the model captures the 

spatial dependence and variability of the 

temperature data accurately. And with a 

value of ESS = 237956381 which is the 

lowest among the other parametric semi-

variogram models. 

Then, we have to estimate the semi-variogram: 

- The Exponential Model:  

Ϫo = co + c1 [1 – exp ( -3h/r)] 

 

Figure (11): The Empirical Semi-Variogram 

Plot 

Figure (12): Exponential Semi-Variogram Plot 
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- The Estimated one by using weighted least squares: 

Ϫ𝑜̂ = 0 + 3838.989[ 1- exp ( -3h / 0.7846972) 

- The Interpretations: 

o ∁̂ (0): The variation between two points tends to be 0 as the distance tends to zero. 

o ∁̂ (1): Partial sill =3838.989 

o Sill: The maximum variation is 3838.989+0 = 3838.989 

o 𝑅̂: The distance at which the variogram is maximized or the distance at which the 

maximum amount of variation reached is equal to 0.7846972. 

▪ Step 2: Estimating the weights: 

- This step is done automatically using R program. 

- With the weights calculated, we can generate a surface of predicted temperature values 

across California. Additionally, we can derive a variance map that represents the 

uncertainty associated with these predicted values. 

- The predicted values of temperature obtained through ordinary kriging represent our best 

estimates of temperature at each location in California. These estimates incorporate both 

the observed values and the spatial relationships between the data points, resulting in a 

continuous surface that captures the underlying temperature patterns. 

- Also, by analyzing the predicted values and variance map of ordinary kriging, we gain 

insights into the spatial distribution of temperature across California. We can identify areas 

with high or low predicted temperatures and assess the level of uncertainty associated with 

these predictions. This information is crucial for decision-making processes that rely on 

accurate temperature estimates and the associated uncertainty. 
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Figure (13): Predicted Values of Temperature in California. 

 

 

 

 

 

 

 

- Figure (13): We can see from this figure that the temperature in the south east of 

California is less than 71 except for some parts which are around 140. The temperature 

keeps increasing as we go from southeast to northwest till it reaches values around 267, 

except for some locations where it reaches a temperature of more than 333. In the 

northeast & southwest, the temperature is quite similar (between 71 & 136). 

 

Figure (14): Variance Map of the Predicted Values. 
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- Figure (14): We can see from this figure that the variance of the predicted temperature is 

very high in the northeast and the southwest. This indicates the prediction in both regions 

is highly inaccurate. We can mitigate this issue in the future by putting weather stations in 

the northeast and the southwest of California thus improving the prediction. Along the 

diagonal from the northwest to the southeast the prediction error is relatively low, hence 

the prediction along this diagonal is accurate and reliable. 

5. Geographical Weighted Regression Model (GWRM): 

- GWR is a non-stationary technique that models spatially varying relationships. Compared 

with a basic (global) regression, the coefficients in GWR are functions of spatial location. 

• Step 1: Fitting Global Regression Model: 

- Global Model is:  

Yi= β0 + β1 long + β2lat 

Yi = -1521.238 - 11.735 long + 5.746lat 

β1: By increasing longitude by 1 so on average temperature decreases by 11.75 holding latitude 

constant. 

β2: By increasing latitude by 1 so on average temperature increases by 5.746 holding longitude 

constant. 

β0: By holding longitude and latitude constant the temperature on average will be -1521.238. 

• Step 2: Obtain the Residuals and Plot of it: 

- Figure (15): Shows that at south we 

found that there is a group of 

residuals with high values and at 

north in the center we found also 

points of residuals with high values 

and at north west also so we 

concluded that the global model 

predicts it badly, so we need to go 

Forword geographical to get models 

to this are and predict it. 

 Figure (15): Geographical Weighted Regression Plot 
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• Step 3: Obtain Geographical Weighted Regression Model: 

 

 

- We need to estimate parameter at location I and kth independent variable. So, the parameter 

of set of regression coefficients is estimated by weighted least squares.   

 

 

- The weighting scheme Wi is calculated with a gaussian kernel function based on the 

proximities between regression point i and the N data points around it. 

- where dij is the distance between observation point j and regression point i, and b is the 

kernel bandwidth. 

- So, we get kernel bandwidth using adaptive bandwidth according to cross-validation. 

- We found that b = 0.004464932. 

β0i: Holding longitude and latitude constant the temperature on average will be ranges between          

-95675.044 to 50391.863 for all locations. 

β1i: By increasing longitude by 1 so on average temperature will ranges from -378.877 to 552.336 

for all locations holding latitude is constant.  

β2i: By increasing latitude by 1 so on average temperature will ranges from -607.398 to -11.7354 

for all locations holding longitude constant. 
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➢ Conclusion: 

- In conclusion, this report conducted a comprehensive spatial data analysis of temperature 

values in California using various statistical techniques and methods. The main objectives 

of the analysis were to understand the spatial patterns, explore trends, and estimate 

temperature values across the region. 

- We have begun with some data description by checking the normality assumption and 

outliers, with visual representation of the spatial distribution of temperature values. 

- Then, checking the spatial autocorrelation using Moran’s I indicating positive 

autocorrelation and visualizing the clustering pattern, showing significant spatial clusters 

of similar temperature values. 

- After that, Trend surface modeling was employed to identify trends and spatial patterns in 

the temperature data. The fourth-degree trend surface model, with the lowest AIC, was 

selected as the best-fit model, indicating a smooth variation in temperature across the study 

area. 

- Also, spatial interpolation techniques, such as kriging, were utilized to estimate 

temperature values at unmeasured locations. The variogram analysis aided in selecting an 

appropriate variogram model, with the exponential variogram demonstrating the best fit to 

the data. 

- And then, the geographical weighted regression modeling captured spatial heterogeneity 

by considering the local effects of predictor variables on temperature. The global regression 

model was initially fitted, followed by the exploration of residuals and the identification of 

spatially varying relationships using the geographically weighted regression model. 

- Overall, this report demonstrates the value of spatial data analysis in understanding the 

spatial patterns and variations of temperature in California. The findings contribute to the 

broader knowledge of environmental statistics and provide insights for informed decision-

making in spatially dependent phenomena. 
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➢ Recommendations: 

1. Spatial Monitoring: Implement a spatial monitoring system to collect temperature data 

across California especially in the areas with high variance. This will enhance the 

understanding of spatial patterns, identify temporal trends, and provide valuable 

information for climate studies. 

2. Localized Interventions: Given the spatial heterogeneity observed in temperature patterns, 

we may consider implementing localized interventions or adaptation strategies that take 

into account the specific characteristics of different regions within California especially in 

the north as it has the highest temperature values. For example, green infrastructure 

planning to mitigate extreme temperature conditions in the north. 

3. Climate Change Resilience: By understanding the spatial variations in temperature patterns 

can help identify areas that are exposed to increasing temperatures, especially when we go 

from south to north, and guide the development of adaptation strategies to mitigate 

potential impacts on ecosystems, agriculture, and human health. 

4. Further Research: We have to encourage further research to investigate the underlying 

factors contributing to the observed spatial patterns of temperature. This could include 

exploring additional variables such as elevation, proximity to water bodies, and 

atmospheric conditions. 
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➢ Appendix: 
 

o Zoomed Moran’s I plot: 

 

  

 

 

 

 

 

 

 

 

 

 

▪ Trend Surface Models: 

Summary of the fourth model: 
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 Linear trend surface  

 

 

 Quadratic trend Surface Model: 

 

 

 Cubic trend: 
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▪ Variogram:  

In Choosing the Parametric Semi-Variogram: 

o By using spherical semi-variogram  

 

 

 

 

 

 

 

 

The value of ESS = 1117637743 

 

o By using gaussian semi-variogram 

 

The value of ESS = 1430944346 
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▪ Another way to present the kriging and its variance map: 

 

▪ Geographical Weight Regression Model: 

 

o Fitting Global Regression Model: 

 

 

 

 

 

 

 

 



 
 

 

21       

o Plots of Model Global: 

 

 

 

 

 

 

 

 

o Getting kernel bandwidth using adaptive bandwidth: 

 

 


