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1. Introduction 
 

1.1. Overview 
This chapter provides an orientation to the roles spatial information can—and often should—play in 

scientific investigations of social and personality phenomena. We argue that spatial and temporal data are ideal 

sources of information for aiding researchers due to their accessibility and the proven effectiveness of 

spatiotemporal analyses across multiple scientific domains. To give one example, discussed in more detail in 

Section 3, if a phenomenon exhibits spatial or spatiotemporal similarities (or consistent differences), also referred 

to as covariance or autocorrelation, the researcher must reject the assumption of the independence of observations.  

But, beyond merely listing examples that support our perspective, our hope is to provide the reader with 

an introductory toolkit to aid their scientific pursuits. These tools will be of particular relevance when theoretical 

insights lead researchers to believe that macro, spatially embedded factors, have important implications for their 

study. We present the toolkit in the form of programming code—along with links to download data—that will 

allow the reader to replicate and expand on the examples herein, which illustrate some of the spatial statistics and 

mapping techniques we discuss.  

This chapter proceeds in six sections. Section 1 provides descriptions and examples of spatial data and 

variables. After Section 2 introduces multilevel models, Section 3 examines the fundamentals of spatiotemporal 

analytic techniques using an applied example to illustrate how relevant coordinates and methods may be 

instrumental in analyzing survey data and modeling social psychological phenomena. These techniques include 

nuanced representation of spatial variables and leveraging the power of exploratory data analysis. Section 4 

considers statistical methods for analyzing geospatially-coded data, including: geospatially weighted regression, 

hierarchical or multilevel models, spatiotemporal meta-analysis, and use of spatiotemporal coordinates in survey 

data. Finally, section 4 concludes by summarizing the benefits of spatiotemporal approaches as tools to 

revolutionize our understanding of phenomena in social psychology. 

1.2. Brief history of spatiotemporal variables 
Once we recognize that the Earth is a sphere, we need three dimensions to describe it. Enter the science 

of geography, and with it ever more precise methods to characterize space: The ancient Greeks were the first to 

use the concepts of latitude (location on the north vs. south, or vertical plane) and longitude (location on the west 

vs. east, or horizontal plane). The modern Cartesian coordinate system places 0° latitude at the Earth’s Equator. 

Placing the Prime Meridian at 0° longitude was a matter of debate—because its location is largely arbitrary. 

Eventually, in 1851, the English mathematician and astronomer Sir George Biddell Airy won out, assigning the 

prime (or first) meridian to his home of Greenwich, England. From there, if you follow the Prime Meridian south 

to the Equator, you reach the point on the Earth’s surface where latitude and longitude are both exactly zero. At 

their heart, latitude and longitude gauge distances from this point in the Atlantic Ocean, located south of modern 

Ghana. 

Longitude and latitude are typically expressed in degrees, to capture different angles. Longitude refers to 

the angle between a location and the Prime Meridian, ranging from -180° (west of the Prime Meridian) to +180° 

(east). Latitude describes the angle between a location and the plane of the Equator, ranging from -90° (south) to 

+ 90° (north). The same information can be, and often is, measured using radians or degrees-minutes-seconds 

(DMS)1 in lieu of degrees alone. We mention the different units to sensitize the reader to the need to use a 

consistent unit when comparing multiple spatial data. That said, even if the reader accidently uses dissimilar units, 

it is unlikely that they can cause a disaster of similar magnitude to the loss of the Mars Orbiter in 1999, which 

occurred because its components used inconsistent units (Stephenson, 1999). 

Further, due to the complex nature of the Earth’s shape, longitude and latitude coordinates require 

additional details that place the “ideal” sphere coordinates onto the irregular (and ecliptic) surface of the Earth. 

Figure 1 is a simulated illustration of a sphere with an irregular surface. For this purpose, geospatial data are 

                                                      
1 1 degree = 60 minutes = 0.01745 radians  
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linked to specific coordinate reference systems, which provide standardized descriptions. These systems are of 

special relevance for researchers who may need to combine information from spatial datasets with, for example, 

varying grid sizes (Figure 2). To match the data, the researcher will need to collapse information from one dataset 

into larger areas (grids) before merging the files. 

 

Figure 1: A sphere with surface irregularities. 

 
  Figure 2. Examples of different size grids on the same sphere. 

 
Most readers have likely encountered similar complications already. For example, when looking at the 

age of participants using data from different sources: In one dataset, the variable is captured as years since birth, 

while in another, age is a four-level categorical variable. To meaningfully combine these datasets, we need to 

transform the former, more detailed, variable into corresponding levels of the latter categorical variable. Among 

the more common coordinate reference systems are: World Geodetic System – WGS 84 (Department of Defense, 

2000), used by the Global Positioning System (GPS); the International Terrestrial Reference Frame (ITRF, 2016); 

and the European Geodetic Reference System (EUREF, 2016). 

 

1.3 The importance of theory  
The grid of the geospatial unit and the size of examined space should be driven by theory-based questions. 

Choosing the appropriate area and dividing it into equal-sized grids is of critical importance. On one hand, an 

incorrect grid size area may obscure potential relationships, but on the other, it may produce artifacts. Smaller 

units offer higher resolution and enhanced precision in differentiating specific elements of examined space, but 

they also generate noisier data due to smaller samples within spatial units (fewer participants within the space). 
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In essence, “precision in the spatial sense does not equate with precision in the statistical sense” (Haining, 2003, 

p. 68). That said, overly large units will fail to include varying levels of spatially embedded social and 

environmental factors. 

A good example of the importance of the appropriate hypothesis- or theory-driven spatial unit size can be 

found in developmental and social psychology. For instance, consider tests of the “universality'” of a personality 

theory looking at a finite space in a single country. The researcher will be more likely to inaccurately confirm 

theoretical “universality” in the single-country design than by using units of the same size within a larger, more 

heterogeneous space encompassing different countries and cultures. This example is not foreign even to the most 

prominent psychological theories. For example, Piaget’s (1957) theory of cognitive development assumed in its 

earliest phases that developmental stages appear in a specific order; thus, reaching a sequential developmental 

stage is possible only after achievement of the preceding stage. The theory was initially developed through 

observations of Swiss children and later refined in studies of European and North American children. 

Geospatially, the size of the space of the studied phenomena soon became large and incorporative of multiple 

countries. Yet, the study’s limited sampling from only western cultures faced challenges due to insufficient 

heterogeneity in the study environment. Joint research efforts over the past few decades have facilitated a more 

precise model, improving upon this theory by expanding the geographic focus and examining non-western 

children. It allowed for a more accurate description of cognitive development in children and the eventual 

realization that the age and order of developmental stages depends heavily on environmental factors and social 

structures (Dasen, 1994; Maynard, 2008). 

Manipulations and measures are figural aspects to any investigation in social psychology, but the emphasis 

on the environment where the study took place, the ground, is much rarer. Even those who undertake systematic 

reviews and meta-analyses of phenomena brush over such factors, as Johnson, Cromley, and Marrouch (2017) 

documented, despite the fact that such reviews endeavor to take a big picture of a domain of research. Often the 

reason behind omission of spatial aspects is prosaic, the lack of sufficient details to account for spatial locations. 

In social psychology and other fields, countless studies include words to this effect: The study took place in a 

large Midwestern city. But, there are many such cities, why not be more specific? It could be that the cultural 

milieu in Chicago, Milwaukee, Indianapolis, St. Louis, Cincinnati, St. Paul, and Minneapolis, among others, is 

equivalent, but even more probably, it is dramatically different.  

 

2. A gentle introduction to multilevel models  
 

In theory, changes over time and space—and among the research team conducting the study—should not 

affect the study’s results, or effect sizes, beyond that expected due sampling error. When such inconsistencies in 

results do occur, they are often worrisome (e.g., Open Science Collaboration, 2015). And while these concerns 

may be legitimate, a progressive science requires that we view inconsistencies for what they are: venues to 

discover additional relationships and tap potential hidden moderators to better understand complexities of the 

social psychological phenomena in question (Van Bavel, Mende-Siedlecki, Brady, & Reinero, 2016).  

A number of meta-analyses show that, indeed, effect sizes vary over space and/or time (Lee, Pratto, & 

Johnson, 2011; Twenge, 2000), highlighting the importance of expanding our models to account for these 

variables. Some meta-analyses go a step further. Hsiang and colleagues (Hsiang, Burke, & Miguel, 2013) 

combined studies looking at bursts of inter-group and interpersonal violence, applying spatiotemporal data to 

quantify the degree of climate change at different points of time in various countries. They successfully showed 

that climate change explained a statistically significant and meaningful amount of variability in effect sizes 

beyond what individual-level characteristics were able to capture. In another study (Burke, Hsiang, & Miguel, 

2015) researchers used a similar approach to investigate political stability as a derivative factor of ongoing 

changes in climate. Both findings, where possible, were combined with climate data using spatial points—when 
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typical for social sciences measures—to merge the two types of information: those pertaining to the social 

psychology of violence and those related to climate change.  

In all fairness, given the complexities of topics studied in this domain (e.g., violence, beliefs, stereotypes), 

experimental manipulation and end measures can rarely account for all observable differences; explanatory 

variables also do not contain the full range of details required for analysis. These facts highlight the need to 

expand traditional methodological frontiers in social psychology. 

New developments in mathematics, computer science, and open-source software, combined with a 

growing emphasis on scientific data sharing (e.g., NSF, 2014), provide easy access to anonymous individual 

responses from large samples. Adding well-documented spatial details can result in successful embedding of 

individual responses in their corresponding environments; it can also reduce the risks of interpretation based on 

models that often violate basic assumption of traditional statistical methods.   

 

2.1. An example of a traditional approach  
In the following section, we use an example of religiosity to show the relevance of spatial techniques to 

social psychology. Our choice of this particular variable is motivated by both the importance of the topic in the 

field, as expressed by a considerable base of literature (Breznau, Lykes, Kelley, & Evans, 2011; Kay, Whitson, 

Gaucher, & Galinsky, 2009) and the availability of large survey data. Our example draws on four Gallup survey 

databases from 2007 through 2009 (Gallup Organization, 2007, 2008, 2009a, 2009b), with a total of 3,492 

participants. The surveys assessed self-reported religiosity and other individual-level predictors that previous 

studies related to religiosity. Additionally, each individual response contains a variable defining the state where 

the respondent lives based on the zip code to their place of residence. Using this dataset, we examine individuals’ 

self-reported religiosity as a function of previously-linked predictors: gender, income, and political ideology2.  

When studying a social psychological phenomenon (Y), we assume that its distribution is a factor of 

determined variables–predictors (𝑋1, 𝑋2, … , 𝑋𝑛)—and some undetermined, random influences. In essence, we 

expect Y to be a function of our predictors and some omitted variables. Following commonly-used notation, we 

can express this relationship, for person i as: 

Y𝑖 = μ0 + 𝛽1𝑋1𝑖 + 𝛽2𝑋2𝑖 +  ⋯ +  𝛽𝑛𝑋𝑛𝑖 +  ε𝑖   [Formula 1] 
where 𝑌𝑖  is the level of the dependent variable that characterizes a subject with 𝑋1𝑖, 𝑋2i, 𝑎𝑛𝑑 𝑋𝑛i levels of the 

predictors, μ0 is the mean of the sample, and ε𝑖 is the error variance. Another way to think about the error variance 

is the quantity in Y not accounted for by the model: namely, the difference in the observed level of Y and what 

our equation predicts based on the values of 𝑋1, 𝑋2, … , 𝑋𝑛 and the sample mean μ0. Typically, we assume this 

error is due to random influences the subject experienced: errors while measuring Y, individual differences not 

relevant to Y, etc. Further, we assume that their expression is independent and randomly distributed across subjects 

and, therefore, conditions (levels of 𝑋1, 𝑋2, … , 𝑋𝑛). 

We use the predictors of religiosity to fit a model of i-th participant’s religiosity. Our model, describes the 

religiosity level of any i participant as follows: 

𝑌𝑖 = μ0 + 𝛽1𝑠𝑒𝑥𝑖 + 𝛽2𝑎𝑔𝑒𝑖 + 𝛽3𝑖𝑛𝑐𝑜𝑚𝑒𝑖 + 𝛽4𝑖𝑑𝑒𝑜𝑙𝑜𝑔𝑦 𝑖 +  ε𝑖   [Formula 1.1]  

 

Assuming the model is well specified, the observations and predictors are independent, and no hidden 

moderators confound the results, we expect the model to meet the following criteria (Shayle, George, & Charles, 

2006): (a) The residuals (ε𝑖) are randomly distributed, (b) the variance of residuals is constant, and (c) the mean 

of residuals equals 0. Thus, we can now re-write the model as: 

𝐸(𝑌𝑖) = μ0 + 𝛽1𝑠𝑒𝑥𝑖 + 𝛽2𝑖𝑛𝑐𝑜𝑚𝑒𝑖 +  𝛽3𝑎𝑔𝑒𝑖 + 𝛽4𝑖𝑑𝑒𝑜𝑙𝑜𝑔𝑦𝑖          [Model 1] 

                                                      
2 We reiterate that our focus here is on methods to detect socio-spatial dependencies. We employ several shortcuts for the sake 

of illustration (e.g., using a single item as a dependent variable rather than average scores of multiple questions capturing the same 

construct), but we discourage researchers from following suit in their own analyses. 
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Using a general linear model, we can obtain the expected religiosity for a given participant as a factor of our 

predictors (see Appendix, lines 4 and 5, for the code used). 

 

Table 1. Results of a general linear model predicting religiosity as a function of age, gender income, and 

political ideology   

    Confidence intervals  

 Beta SE t 2.5% 97.5% 

Intercept 1.77 0.05 33.47 1.66 1.88 

Sex (Female = 1) 0.15 0.03 9.19 0.18 0.28 

Age 0.10 0.01 6.56 0.06 0.11 

Income -0.07 0.01 -3.64 -0.06 -0.03 

Liberal versus: - - - - - 

Moderate 0.19 0.03 9.44 0.26 0.39 

Conservative 0.40 0.03 19.79 0.34 0.47 

Note: Five states were excluded from the analysis due to small number of participants: WY (n = 8), VT (n = 10), 

SD (n = 11), RI (n = 14), and ND (n = 15). Final sample contains 3,505 observations; AIC = 7756.16; R2 = 0.15; 

adjusted R2 = 0.15; 

 

As Table 1 shows, this Gallup database—consistent with previous studies—does indeed suggest that women 

compared to men, individuals with lower (vs. higher) income, and those who are more (vs. less) conservative are 

more religious. But do these results tell the full story? 
 

2.2. Toward social psychological applications of geospatial data 
The core assumption of traditional statistical tests in psychology is the independence of observations 

(Cohen, Cohen, & West, 2013). If each individual is subjected to different and random impacts, then the 

independence assumption is valid and model is correctly specified. More common, however, is that samples are 

relatively homogenous (undergraduate students from university X, patients in clinic Z, etc.). Consequently, 

theoretically randomly sampled individuals usually share attributes specific to their particular population (e.g., 

community-based norms, regional weather patterns, etc.). If these external impacts are equal (or rather, are 

normally distributed) across individuals, then they will result in a distribution of residuals that resembles studies 

with truly independent observations. Therefore, the researcher will be statistically correct in assuming that the 

independence assumption is met, ergo: The conclusions can be extended and generalized to the population. Still, 

because traditional tests used in psychology do not allow differentiation between cases where: (a) Observations 

are independent or (b) tied by common environmental and/or societal confounding factors, other means are 

necessary.  

In the section above, we used a statistical approach without spatial variables to tackle a popular and well-

studied phenomenon in social psychology. Now, we will compare and contrast the results when spatial variables 

are introduced. Building on this example, we will introduce definitions necessary for comfortable interactions 

with spatial data. Finally, we will present examples of useful visualization and statistical techniques for spatial 

data analyses. As we move from one example to another, we will reference the script used. 

2.2.1. SPACE AS A RANDOM-EFFECTS VARIABLE 

If a model of the type presented in section 2.1 (Table 1) is well specified—given the factors impacting the 

dependent variable—and the assumptions regarding the residual variance are correct, we should expect no spatial 

differences in residual expression or coefficient predictor size beyond the confidence intervals of our model. After 

all, our model should account for the key predictors of Y, and therefore any differences in population composition 
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in various spatial locations (different male to female ratios, high vs. low income participants, etc.) will be 

incorporated in model estimates for each individual. Space should not affect the remaining residual variance. 

One way to test the possibility that spatially embedded variables may be important to our data is to quantify 

the amount of variance in our dependent variable that results from a proxy for spatial location. Here we use each 

individual’s state as this proxy. Given that our interest is in the relationship between the listed predictors, the state 

variable should be treated as a random-effects variable. Its ties to religiosity can be captured using a hierarchical—

also called multilevel—model and looking at the intra-class coefficient (Shayle et al., 2006; Singer, 1998). 

Multilevel modeling assumes that data are hierarchically structured, and lower-level data points are clustered 

within higher-level groups. In the case of our example, the lower-level data points are individual responses. The 

second level is the geospatial location of each individual (her or his state). Hierarchical modeling allows the 

incorporation of random-effects variables: variables linked to the dependent variable but only a random subset of 

all possible levels of which are available in the dataset, and/or of no theoretical interest to the researcher (Shayle 

et al., 2006).   

First, using the simplest case, let’s evaluate the random effects of state on the variance of religiosity using 

a hierarchical model with state as its level-2, random-effects variable. Such a model where the intercept is the 

only fixed-effects factor is an empty or unconditional means model and can be expressed as follows:  

𝑌𝑖𝑗 = β0𝑗 +  𝜀𝑖𝑗           [Formula 2] 

In our example, j refers to the state (New York, Ohio, etc.) in which the 𝑖𝑡ℎ respondent resides. β0𝑗 is the mean 

religiosity score in state 𝑗, while 𝜀𝑖𝑗 is the error3 related to the 𝑖𝑡ℎ participant’s deviation from the average score 

for the state in which she or he resides. This effect can be further described as: 

β0𝑗 =  𝛾00 +  𝑢0𝑗      [Formula 2a] 

Here 𝛾00 is the population (grand) mean, and 𝑢0𝑗 is the amount state j’s mean deviates from the grand mean. 

Similar to 𝜀𝑖𝑗, which captures an individual’s difference from the mean of their state, 𝑢0𝑗 quantifies the degree of 

state j’s departure from the sample mean. Both terms are measures of error, and when squared capture the error 

variance related to the corresponding factor (𝜀𝑖𝑗 - level-1: individual error, 𝑢0𝑗 - level-2: state error). 

By combining Formulas 2 and 2a, we arrive at our model (see Appendix, lines 6 – 10 for the code used):  

E(𝑌𝑖𝑗) = 𝛾00 +  𝑢0𝑗      [Model 2] 

Similar to squaring the error in the case of single-level models to obtain the error variance, we can square 𝑢0𝑗 to 

obtain level-2 error variance, referred to using the letter tau: 𝜏00. Its ratio to the total error variance—error variance 

from levels 1 and 2, is referred to as the intra-class coefficient (rho) and quantifies the percentage of the error 

variance in religiosity driven by our spatial proxy: 

𝜌 =
𝜏00

𝜏00+ 𝜎2
       [Formula 3] 

The fixed-effect variable in this model is the intercept: the grand mean 𝛾00. In the random-effects section, we see 

the error variance divided between that related to our level-2 (state-level) random-effects variable and level-1 

(participant-level) random-effects variance. The value of 𝜌 in our example suggests that 7 percent 

(0.05/(0.05+0.58)) of the error variance is tied to the spatial proxy variable we used as the random-effect variable 

in Model 2. Recall that Model 1, with five individual-level predictors and 3,487 degrees of freedom for 𝜀𝑖𝑗, 

accounted for about 15 percent of the variance in religiosity, leaving 85% of variance unexplained. 

  

                                                      
3 𝜀𝑖𝑗~𝑁(0, 𝜎2) ;  𝑢0𝑗~𝑁(0, 𝜏00). 
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Table 2. Results of the unconditional means model 

Result 

Estimate 

(SE) 

Fixed Effects 

Intercept γ00 2.42** 

 (0.04) 

   

Random Effects 

Intercept τ00 0.05 

 (0.22) 

Residual σ2 0.58 

 (0.76) 

Model Fit   

AIC 9212 

**p<.01. 

 

2.2.2. SPATIAL VARIABLES, AND INDIVIDUAL-LEVEL INDICES 

The Gallup databases used in our example above contain a categorical spatial variable of the geometric 

class area, or the state where the interview occurred. While lacking the precision of coordinate point data, the 

random-intercept model suggests some conclusions that may suffice to explain some of the variance in religiosity. 

It is also sufficient, for our purposes, to combine Gallup individual-level responses with macro-level data.  

Our example certainly misses one such variable, a measure of spatial “closeness” or proximity between 

states. This information is critical for evaluation of the probability that the clustering of individuals in states 

appears due to chance alone. (See Section 2.3 for a further exploration of the matter.) U.S. Census Bureau data 

offer one way to capture “closeness.” Specifically, we use it to calculate distances between the population-

weighted center of each state and all other states (Geography Division, 2011). These distances can be used to 

calculate various indices of spatial dependency between values of the variable of interest (see an example of 

Moran’s I statistic in section 4.1, Indexes of spatial autocorrelation among observations). Beyond capturing 

dependent variable spatial dependencies, mapping individual responses onto macro-level data can help to quantify 

spatial influences in the relationships between individual-level predictors. 

The researcher may decide that differences observed across space or time in the dependent variable may 

be driven by a societal factor, such as Gross Domestic Product (GDP), inequality, neighborhood health level, 

community prejudice level, political instability, and so on. Obtaining data that capture such dimensions is not 

difficult thanks to organizations such as the World Bank that make their data available online, increasingly on a 

cost-free basis (see http://gapminder.org for many others). 

In another relevant example, Nisbett and Cohen’s (1996) defined cultures of honor and offered a number 

of examples. Trying to dissect higher crime levels in southern states, they noticed a number of characteristics 

differentiating these states from those with comparatively lower crime levels. Perhaps most prominent among 

these factors were religiosity and conservative ideologies (Leung & Cohen, 2011). Honor cultures were also 

correlated with lower government (state) intervention due to low state population density (Boski, 2009). For this 

chapter’s example, we tested this spatially-embedded societal characteristic as a predictor of religiosity. We used 

the percentage of population living in urban areas in each of the states (Geography Division, 2011) and merged 

it with data from the Gallup data used in Models 1 and 2. When the state of the respondent was missing, it was 

inferred based on his/her zip code.  

http://gapminder.org/
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2.2.3. MIXED-EFFECTS MODELS WITH GEOCODED FIXED EFFECTS VARIABLES 

In Section 2.2, we introduced a random-effects model that evaluated the variance in religiosity around the 

grand mean, depending on the spatial source of our data: 

𝑌𝑖𝑗 = β0𝑗 +  𝜀𝑖𝑗             [Formula 2] 

β0𝑗 = 𝛾00 +  𝑢0𝑗              [Formula 2a] 
It was certainly a good start: It allowed us to determine that between-states differences in religiosity suggest the 

need for an alternative model to capture estimates of religiosity as a factor of individual-level predictors (sex, age, 

income, and political ideology). But we can take this approach a step further by obtaining estimates of individual-

level characteristics in the context of higher, state-level impacts. Extending Model 2 to achieve this goal requires 

a slight change in the way we think about the slope of our predictors in a simple regression model. 

Regression coefficient 𝛽1 in Model 1 was simply the difference we can expect based on the ith participant’s 

sex (0 if male, and .23 if female) when compared to the grand mean. Using a multilevel approach, this coefficient 

would contain an account of the between-state variability in the relationship between respondent sex and 

religiosity: 

𝑌𝑖𝑗 = β0𝑗 +  𝛽1𝑗 +  𝜀𝑖𝑗 

𝛽1𝑗 = 𝛾10 + 𝑢1𝑗 

𝛾10 reflects the mean difference in the expected religiosity between males and females, and 𝑢1𝑗 is the amount the 

jth state is expected to deviate from the mean difference of all states. 

 Combining this extension in the conceptualization of Model 1 slopes with the approach we used to 

estimate the intercept in Model 2, we are now ready to define a multilevel model with both fixed 

(𝛾00, 𝛾10, 𝛾02,..) and random effects (𝑢0𝑗, 𝑢1𝑗 , 𝑢2𝑗…, ε𝑖𝑗). It will account for geospatial location (as a random-effects 

factor) and help to investigate the fixed effects of our predictors: 

𝑌𝑖𝑗 = β0𝑗 + 𝛽1𝑗 + 𝛽2𝑗+. . + 𝜀𝑖𝑗    [Model 34] 

 
𝑌𝑖𝑗 = 𝛾00 + 𝑢0𝑗 + 𝛾10𝑠𝑒𝑥𝑖 + 𝑢1𝑗 + 𝛾20𝑎𝑔𝑒𝑖 + 𝑢2𝑗 + ⋯ +  ε𝑖𝑗    

 

  

                                                      
4 Where 𝜀𝑖𝑗~𝑁(0, 𝜎2) and ( 𝑢0𝑗

 𝑢1𝑗
) ~𝑁 [(0

0
), (

𝜏00 𝜏01

𝜏10 𝜏11
)]: 

variance of the intercept 𝜏00; the slope 𝜏11; covariance 𝜏01, 𝜏10 
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Table 3. Summary of standardized coefficients of the multilevel models  

Fixed Effects Model 2 Model 3 Model 4 

Intercept γ00 2.42* 1.8* 2.45* 

 (0.04) (0.06) (0.14) 

Sex γ10 - 0.21* 0.21* 

  (0.02) (0.02) 

Age γ20 - 0.08* 0.08* 

  (0.01) (0.01) 

Income γ30 - -0.04* -0.04* 

  (0.01) (0.01) 

Ideology γ40    

      Moderate  0.30* 0.30* 

  (0.03) (0.03) 

      Conservative  0.61* 0.61* 

  (0.03) (0.03) 

URBAN γ01   -0.01* 

   (0.0) 

    

Random Effects       

Intercept τ00 0.05 0.03 0.01 

 (0.16) (0.2) (0.12) 

Residual σ2 0.58 0.51 0.51 

 (0.71) (0.71) (0.71) 

Model Fit       

AIC 9121 7660.98 7655.03 

rho(p) 7% 6% 2% 

Note: Standard errors are in parentheses. *p<.01, N=3,504. 

 

 Model 3 in Table 3  shows the estimated coefficients for the same predictors used in Model 1 after 

including the random effect of geolocation (see Appendix, lines 9 – 11 for the code used). A likelihood statistic 

comparing both models suggests that the mixed-effects model fits the data better than Model 1: Likelihood 

Ratio=97.19, p<.01. The estimates of Model 3 are smaller, and the confidence intervals narrower, suggesting that 

Model 1 exaggerated some of the differences between varying predictor levels. 

We should not just stop here, however, as we are still interested in the societal/state-level factor(s) that 

may explain the difference between states in observed religiosity. The previously discussed research on cultures 

of honor suggests a correlation between low levels/speeds of government service provision and high levels of 

endorsement of cultures of honor. The percentage of each state’s population inhabiting urban areas is thus a 

macro-level variable that indirectly, by proxy, captures levels of population density.  

Below we discuss a mixed-effects model that will allow us to incorporate a level-2 fixed effects variable, 

namely the percentage of the population inhabiting urban areas. To this end, all we need is to do is to expand the 

first component of Model 3 slightly, as follows:  

β0𝑗 =  𝛾00 + 𝛾01𝑈𝑅𝐵𝐴𝑁 +  𝑢0𝑗            [Model 4] 

  
𝑌𝑖𝑗 = 𝛾00 + 𝛾01URBAN + 𝑢0𝑗 + 𝛾10𝑠𝑒𝑥𝑖 + 𝑢1𝑗 + 𝛾20𝑖𝑛𝑐𝑜𝑚𝑒𝑖 + 𝑢2𝑗 + ⋯ +  ε𝑖𝑗  



12 GEOCODING AND SOCIAL PSYCHOLOGY 

Here, β0𝑗  is expressed as the grand mean 𝛾00, the deviation of state j from the grand mean 𝑢0𝑗, and 𝛾01 multiplied 

by the percentage of urbanized population in state j (see Appendix, lines 12-14 for the code used) 

Model 3 reduced the amount of variability in religiosity due to state differences from 7 percent in Model 

2 to 5 percent. When the percentage of the state population inhabiting urban areas was added as the level-2 fixed 

effects variable in Model 4, the amount of variability was further reduced to 2 percent. The level-2 variable was 

a statistically significant predictor of a decrease in religiosity with each unit increase in the percentage of the 

population in urban areas, t(42) = -4.90, p<.01. But it is also important to note that AIC (Akaike’s Information 

Criterion; for an excellent discussion of the limitations of goodness of fit indices, see Solomon et al., 2013). was 

only slightly decreased by introducing the level-2 fixed effect variable. This example is simply meant as an 

illustration; of course, there may be other social-environmental factors that are more relevant. 

Naturally, there is no evidence from our very correlational database that factors such as age, gender, or 

urban residence causally relate to religiosity. It is entirely possible that third variables explain away any of these 

patterns. If available, confounding variables can be entered, but it is sometimes the case that aggregate-level 

variables are so highly correlated that any one of them can replace the others. Moreover, any level-2 or structural 

variable is not only correlational but also presents potential interpretational difficulties due to the fact that the 

researcher is typically dealing with averages or percentages assigned to a particular polygon. In our example, 

urbanicity is literally the degree to which a state has higher population density and it is likely that population 

density varies for around different localities within each state. Moreover, it is entirely conceivable for a structural 

variable to show reversed trends from the same variable defined at an individual level. Community-level income 

is not the same as individual level income, for example; mental health may be superior for low-income residents 

of higher income communities than for low-income residents in lower income communities. Thus, analysts should 

interpret aggregate-level results with caution and not to commit the error of ecological fallacy, which is to assume 

that aggregate results match individual-level results (e.g., Robinson, 1950). 

There are two analytic strategies that afford interesting opportunities to increase aggregate-level variables’ 

substantive value. First, if we had a database that covered many more years, then an argument for plausible 

causality of aggregate-level variables could be made by introducing temporally lagged variables and examining 

whether associations are most peaked just prior to the measurement of the dependent variable (CITE). It is largely 

through such strategies that researchers have recently claimed that income inequality, an aggregate-level variable, 

plausibly causes numerous mental health outcomes (Pickett & Wilkinson, 2015). And second, although numerous 

studies have contrasted the main effects of individual- and aggregate-level variables, to date, few have examined 

interactions between these factors.  

 

2.3. A closer look at the distribution of residuals across space 
The value of 𝜌 in the unconditioned means model could have a number of explanations, the most 

straightforward being that religiosity varies across states due to the different population compositions with respect 

to the key predictors used in Model 1. Another potential explanation is that Model 1 was improperly specified, 

and therefore, at least some of our estimates are biased. Optimally, therefore, our model should incorporate both 

factors to account for the random effects tied to location—as well as the fixed effects of our predictors—to 

estimate our dependent variable more accurately (as in Model 3). Yet, whereas the precision and accuracy of the 

estimates is the key determinant of the model’s value, spatiotemporal techniques can go beyond simply reducing 

estimate bias. As we mentioned earlier, they can guide researchers toward important, but overlooked spatially-

embedded societal and environmental factors. 

Before we introduce spatial methods that can provide useful statistical tests to aid researchers in this 

process, let’s use a geospatial technique to visually explore the assumptions behind Model 1. If the model was 

sufficient and independent of other spatially-embedded factors, we would expect a random distribution of 

residuals and their variance across the United States. After all, Model 1 estimates are based on the individual’s 

sex, age, income, and political ideology; any differences between states in the composition of their populations 

(e.g., higher average income, fewer females, younger residents) will be reflected in the estimated values and 

should not impact the difference between estimates and observed data. Figure 3 shows the mean variance of 
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residuals by state; states with low mean variances are those where the model fits best (lighter shades), whereas 

those with high mean variances are those where the model fits worst (darker shades). The variance of residuals 

diagnoses areas where the model fits poorly and, as a result, can lead an investigator to look more closely at the 

phenomena in question and facilitate a deeper understanding of the phenomenon at-hand. Perhaps important 

predictor variables are omitted or predictor variables have restricted range. 
Figure 3. Map of mean residual variance per state; darker areas depict states with higher variability, where the 

model fits less well. 

 
Note: Five states were excluded from the analysis and therefore are not graphed. 

 

Figure 3 shows clusters of states where Model 1 is especially inaccurate and displays high variability of 

residuals. Yet, are these clustered inconsistencies sufficient to generate concerns about the model’s accuracy? 

After all, we should expect some clustering in any phenomena studied in space simply because spatial (and 

temporal) proximity can lead phenomena to resemble each other (Diggle, 2010; Pearson, 1990). In other words, 

is the spatial correlation of the predictive inaccuracy of Model 1 different from what we can expect when looking 

at stochastic expressions of phenomena studied in space? We will return to this question later to introduce 

geospatial statistics that can help us to evaluate and answer it. Then, using this example as our foundation, we 

provide the reader with basic terminology needed to interact with spatiotemporal data and variables. 

3. Quantitative methods and spatiotemporal data 
 

3.1. Measures of spatial clustering 
The null hypothesis for spatial tests of clustering assumes that the likelihood of stochastic expressions of 

any variable or process resembling one another increases based on their relative closeness. The question they 

address is therefore: Are the observed similarities in values or densities across space larger than what we should 

expect due to mere proximity. Spatial statistics offer two groups of tests to address this question. One is designed 

to examine the density of an expression of a phenomenon (e.g., number of schools per county, their location in 

relation to each other), the other the values of a phenomenon (average SAT scores in each of the schools).  

3.1.1.  POINT PATTERN ANALYSIS 

Unlike the example, which focused on the expression of a quantitative variable in space (residuals), point-

pattern analysis does not look at the variability in values assigned to spatial units but rather the count or distances 

between a categorical variable, and evaluates it against a “random” expression. It was no accident that we put 
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random in quotation marks—the pattern of a random expression of an object in space may not be random at all. 

Instead, a deviation from this non-random pattern, in essence a random pattern, may suggest that the expression 

of the studied variable does not support the null hypothesis of the observed point pattern being the result of chance 

alone (Upton & Fingleton, 1985b). For example, when looking at the number of people suffering from a 

contagious desease. We should expect clusters of people infected, rather than singular exemplars randomly 

distributed in space. 

To better ground the point pattern techniques in social psychology, let’s imagine a researcher who 

developed a hypothesis that specific social, economic, and/or political factors can predict the number and 

distribution of places of worship. Testing her hypothesis, she chooses local assembly districts across the five 

boroughs of New York City as her spatial unit. The unit is a polygon of the shape and size equivalent to each 

district. The researcher can now obtain the count of places of worship and their proximity to one another in each 

polygon. Next, she may proceed to examine social, economic, and/or political variables as predictors of 

differences between the geo-administrative units of her choice.  

One of the benefits of the point pattern analysis is the flexibility in choosing spatial units of micro and 

macro sizes to match the research question. By narrowing the size of the spatial unit, one can look at patterns in 

the location of various neuron types, or by enlarging the scale, examine global patterns of civil unrest.  

The method above is one of many that fall under the umbrella term pattern identification methods. This 

group of methods is applied to extract meaningful patterns in spatial (Upton & Fingleton, 1985a, 1985b), temporal 

data or both (Chan, 1999; Povinelli & Feng, 2003). Applications of these methods have been successful in a 

variety of domains ranging from machine learning (Begg & Kamruzzaman, 2004), neuroscience (Norman, Polyn, 

Detre, & Haxby, 2006), ecology (Pearman, Guisan, Broennimann, & Randin, 2008), agent based modeling 

(Benenson, 1998), and economy (Desmet & Rossi-Hansberg, 2014). Yet pattern identification remains largely 

unexplored in social psychology. 

3.1.2. SPATIAL AUTOCORRELATION 

The second group is designed to detect clusters in quantitative data. In other words, the correlation of 

values of the same phenomena in space, also referred to as autocorrelation.  

Commonly used indexes of spatial autocorrelation are Moran’s I (1950) and Geary’s C (1954); I is more 

often available in statistical programs and overcomes some of the shortcomings of C (for a more detailed 

discussion, see Upton & Fingleton, 1985a, Chapter 3). When either differ significantly from its null, the inference 

is that the similarity (or difference) in values between proximal data is larger than what we should expect due to 

an expression of a stochastic process alone. The null hypothesis for spatial autocorrelation, similarly, is that 

observations are not clustered. 

The visualization of Model 1 residuals’ variance over space in Figure 3 suggested some clustering, but 

did not answer the question: Are the clustered inconsistencies in the predictive accuracy of Model 1, sufficient to 

worry about the model? To answer this question, we can use Moran’s I (see appendix lines number 15-21 for the 

code used). Here, we want to point out that the reader is well familiar with a test that shares the logic behind I, 

namely when comparing observed counts to those expected in a simple χ2 test. 

Using the inverse Euclidean distance matrix, the results of Moran’s I suggest that the null hypotheses of 

no spatial correlation in our religiosity measure needs to be rejected, based on the comparison between the 

expected value of I = .15, and the observed I = -.02, SD = .03, p < .01. The initial concerns, confirmed also by the 

significant improvement in model fit when applying a mixed-effects model compared to the traditional model, 

seem well justified.  

 

3.2. Spatiotemporal meta-analysis 
Meta-analyses are often uniquely poised to incorporate spatiotemporal moderators. Thus, studies manifest 

not only the potential influence of individual, sample, intervention, and study design characteristics, but also 

larger influences within neighborhoods, communities, and ecological factors (Berkman et al., 2000; Johnson et 

al., 2010; Kaufman, Cornish, Zimmerman, & Johnson, 2014). Although extant meta-analyses have routinely 
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considered study- and participant-level factors to explain heterogeneity (Johnson, Cromley, & Marrouch, 2017), 

they have tended to neglect the environments where studies are conducted, which is ironic, because, as we have 

noted, cultures and other factors cluster in space over time. The settings in which study participants live, work, 

and play can be characterized by such environmental factors such as disease, weather, local and broad economic 

trends, the level of stigmatization of minority groups, and allostatic load due to all causes. For example, a 

particular social-psychological factor may be more relevant because it takes place at a time when people are most 

susceptible to its influence, then its effect should be greater, as ecological models predict (Johnson et al., 2010; 

Kaufman et al., 2014). Similarly, just as strong situations can impel everyone to act the same, overwhelming 

internal predispositions (Ross & Nisbett, 1991) so too can spatiotemporal forces direct behavior (e.g., extreme 

weather can force people to stay indoors or to flee to better climes).  

Spatiotemporal meta-analysis capture heterogeneity in study environments that vary over time and space 

(Johnson, et al., 2017). The strategy builds on cross-temporal meta-analysis, which focuses on how cohorts differ 

over time (usually within particular nations); for example, Twenge (2000) found that for high schoolers and 

university students, anxiety levels rose between the mid-1950s and the mid-1990s. Spatiotemporal meta-analysis 

adds spatial information—and its combination with time—as important factors in the analytic practice, using 

strategies such as we document in this chapter to describe particular places at particular times and to build models 

of these factors. Logically, to the extent that relevant spatiotemporal information on environmental conditions is 

available and varies widely, it can help to explain variability in study results that is not explained by individual, 

sample, study, or intervention features. Moreover, when enough studies are available, statistics such as we have 

discussed as well as mapping the residuals of effect sizes, parallel to Figure 3, may detect locations where study 

results differ systematically and suggest alternative variables to control in subsequent models. 

 

3.3. Spatiotemporal data 
 

Spatial datasets are often arranged using arrays, which can and usually do carry additional information 

characterizing the spatial unit, such as the size of the grid, its range, and numerous other factors. Additionally, 

each spatial datum usually carries a temporal dimension and the value of measured variables at each spatial point 

in time. For instance, we can consider surface temperatures, precipitation, and other relevant variables. To better 

illustrate, let’s look at a database measuring precipitation level in every point on the classic latitude-longitude 

grid over a 12-months period. We could represent this information using, more common for psychological data a 

two dimensional matrix. It would need to consist of four columns: latitude, longitude, elevation, time, and the 

value of the precipitation. Using a two-dimensional data structure would need four columns, with 360 (longitude) 

×180 (latitude) × 12 (time) rows: 777,600; now imagine 5 years of data on precipitation, temperature, and wind 

strength and you have a database that might intimidate some (and meteorological databases that use more precise 

variables are much larger).  Below we briefly describe popular alternatives used to store spatial information that 

allow better storage, processing, and exchange of data, along with references to packages that can aid researchers 

in unpacking and interacting with this type of data to extract the needed details. 

3.3.1. NETWORK COMMON DATA FORMAT (NETCDF) 

As an alternative to the large matrix described above, spatiotemporal data are often stored in Network 

Common Data Format (NetCDF), which uses arrays to contain all information. Figure 4 presents a visual 

abstraction of an array describing precipitation over a 12-month period for every point on the classic latitude-

longitude dimension. This format allows the user to access and process sub-sections of the arrays without the 

need to interact with the complete data set. NetCDF files, like most spatial data formats, contain several 

components: a header that carries meta-information concerning the data, such as the grid size, number of 

variables, their name, type, as well as the actual body of data. For this reason, opening NetCDF files requires 

additional steps and the use of specialized functions (commands). R offers a number of packages that can help 

the researcher to complete this task (Michna & Woods, 2013). Once opened, the user can proceed to extract and 
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process the relevant sections of the data. To help readers with no past experience, we include a separate section 

in the Appendix. Line 22 opens a NetCDF data file, line 23 extracts the latitude and longitude points, that are then 

used in line 25 to assign the corresponding country details to each point using the function in line 24. Line 26, 

returns the country details to the original file containing monthly air temperatures. 
 

Figure 4. A visual abstraction of a three-dimensional dataset containing monthly precipitation across the globe. 

 
While it is difficult to overestimate the value of such detailed datasets for climate research, their relevance 

to social psychology may not be immediately clear. However, thanks to a large number of studies, the benefits of 

accounting for climate-related information, when studying inter- and intra-group phenomena, is now well 

documented. A series of experimental and non-experimental studies showed a robust link between temperatures 

and interpersonal, intergroup, and societal phenomena (Cohn & Rotton, 1997; Dell, Jones, & Olken, 2014; 

Ranson, 2014).  

The characteristics of NetCDF files that make them more efficient than other binary formats can also 

present challenges absent from the two-dimensional data commonly used in social psychology. Nonetheless, 

thanks to highly engaged research communities, R, an open-source statistical package, offers packages to facilitate 

the use of NetCDF files. Examples of such packages include RNetCDF, and cshapes (Michna & Woods, 2013; 

Weidmann & Gleditsch, 2010). The Appendix offers several other suggestions for further readings as well as 

additional packages. 

3.3.2. SPATIAL POLYGONS 

Another way to overcome the challenges presented by finely gridded point-data is to convert them into 

spatial units that use aggregated variables within relevant geographic, administrative, or sociopolitical boundaries. 

When discussing point-pattern analysis above, we mentioned research using neighborhoods as spatial units. 

Another example of spatial polygons is the graphing example in sections 2.2 through 2.5. Here, spatial polygons 

encompassed states. One of the benefits of this class of spatial data is its capacity to capture and compare areas 

of different shapes and sizes, which can be more meaningful, as it allows to compare between units that differ 

politically, economically, or socially. Looking at between-state differences in religiosity, or plotting the residuals 

across states, would not be possible when comparing spatial units of equal size and shape. Doing so seems 

especially important in studying phenomena of special interest to social psychologists, such as cross-nation 

differences in the child’s cognitive development, or neighborhood-level prejudice as a factor that plays a role in 

the success or failure of a specific health interventions (e.g., Reid et al., 2014). In these and many similar cases, 

comparing spatial units of equal size and shape, would yield meaningless outcomes. 

Spatial polygons are often in the form of ready-to-use shape files accompanied with a set of meta-files 

that contain information concerning their size, coordinate reference system location, and perimeters. Once 

imported, the meta-files contain multiple sufficient information to combine geo-coded data (e.g., GDP per capita) 

with the appropriate polygon (e.g., country). Figure 3 mapped the residual variance onto spatial polygons – states, 

using shape files. A variable contained in the Gallup poll data identified states, allowed matching the 
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corresponding data to the spatial polygon representing the corresponding state and “filled” the state’s polygon 

with a shade whose intensity matched the magnitude of the residual variance.  

While less detailed than NetCDF files, spatial polygon data also allow the user to obtain important 

information for spatial analysis. This information includes distances between (population weighted or absolute) 

centers of the polygons, neighbors’ classifications, and others. It also bypasses the potential risks entailed in 

inadvertently disclosing the location of individual respondents presented by the use of latitude and longitude 

coordinates with participant-level data. 

This issue is closely tied to another argument in favor of incorporating spatiotemporal data into social 

psychology and understanding their structure: the improvement and rise in popularity of online survey platforms. 

Recently, survey platforms commonly used in social psychological research (e.g., Qualtrics), allow for capture of 

latitude and longitude coordinates linked to responses. For obvious reasons of protecting participant anonymity, 

the coordinates usually can be used only for mapping and aggregated spatial analysis. As we alluded above, 

geocoded social media posts, some of which identify particular individuals, also can be harvested and modeled 

in meaningful ways. 

Spatial data can be also categorized using geometric classes such as points and lines. Each of these can 

capture a spatial component via a different scale: discrete, ordinal, or interval. And similarly to psychological 

statistics, the type of the scale is one of the factors that should drive the choice of the appropriate statistical test.  

4. Conclusions 
Our hope is that this chapter will serve as a starting point for researchers to develop useful skills and 

encourage them to venture into the rarely explored spaces that can help better study what we all are so eager to 

better understand – socially embedded psychological processes.  

Placing individuals’ responses and behaviors, in a broader context of the political, societal, and natural habitat 

they occupy can aid researchers in better capturing the interplay between individual-level processes and 

environmental factors. Examples of direct benefits of spatial techniques include: (a) The re-evaluation of research 

outcomes against potential false positives. (b) Ensuring that sufficient variance remains explained by predictor 

variables rather than the overlap between those variables and unaccounted spatially embedded societal, 

environmental, or temporal factors (or their combination, interaction, etc.). (c) reduction of the risk of erroneous 

interpretations driven by misconstrued models. And (d), comparison and statistical testing of non-spatial and 

spatial models using recently popular indices of the goodness of fit such as AIC. 

Spatial databases are easily accessible, statistical methods well documented, and with a long history of 

applications and validations in a wide range of domains It is our hope that this chapter has encouraged some 

readers to explore the applications of this methods. At the same time, for those who reached for this chapter with 

a specific project in mind, our hope is that the carefully selected references from various fields, appearing 

throughout the chapter, will serve as a good starting point.  



18 GEOCODING AND SOCIAL PSYCHOLOGY 

5. References 
 

 

Begg, R., & Kamruzzaman, J. (2004). A machine learning approach for automated recognition of movement 

patterns using basic, kinetic and kinematic gait data. Journal of Biomechanics, 38(3), 401-408. 

doi:10.1016/j.jbiomech.2004.05.002 

Benenson, I. (1998). Multi-agent simulations of residential dynamics in the city. Computers, Environment and 

Urban Systems, 22(1), 25-42. doi:http://dx.doi.org/10.1016/S0198-9715(98)00017-9 

Berkman, L. F., Glass, T., Brissette, I., & Seeman, T. E. (2000). From social integration to health: Durkheim in 

the new millennium. Social Science & Medicine, 51(6), 843-857. 

Boski, P. (2009). Kulturowe ramy zachowań społecznych. In E. Betlejewska (Ed.), Podręcznik psychologii 

międzykulturowej. Warsaw: Wydawnictwo Naukowe PWN. 

Breznau, N., Lykes, V. A., Kelley, J., & Evans, M. D. R. (2011). A Clash of Civilizations? Preferences for 

Religious Political Leaders in 86 Nations. Journal for the Scientific Study of Religion, 50(4), 671-691. 

doi:10.1111/j.1468-5906.2011.01605.x 

Burke, M., Hsiang, S. M., & Miguel, E. (2015). Climate and conflict. Annual review of economics, 7, 577-617.  

Chan, W.-S. (1999). A comparison of some of pattern identification methods for order determination of mixed 

ARMA models. Statistics & Probability Letters, 42(1), 69-79. doi:10.1016/S0167-7152(98)00195-3 

Cohen, J., Cohen, P., & West, S. G. (2013). Applied Multiple Regression/Correlation Analysis for the Behavioral 

Sciences (3rd ed. ed.). London: Routledge. 

Cohn, E. G., & Rotton, J. (1997). Assault as a Function of Time and Temperature. Journal of Personality and 

Social Psychology, 72(6), 1322-1334. doi:10.1037/0022-3514.72.6.1322 

Dasen. (1994). Culture and cognitive development from a Piagetian perspective. In W. J. Lonner & R. S. Malpass 

(Eds.), Psychology and culture. Boston: Allyn and Bacon. 

Dell, M., Jones, B. F., & Olken, B. A. (2014). What do we learn from the weather? Journal of economic literature, 

52(3), 740-798.  

Department of Defense. (2000). NIMA technical report TR8350.2 World Geodetic System 1984: Its definition and 

relationships with local geodetic systems (3rd ed.). Retrieved from http://earth-
info.nga.mil/GandG/publications/tr8350.2/wgs84fin.pdf. 

Desmet, K., & Rossi-Hansberg, E. (2014). Spatial Development. American Economic Review, 104(4), 1211-1243. 

doi:10.1257/aer.104.4.1211 

EUREF. (2016). Reference frame sub commission for Europe.  Retrieved from http://www.euref.eu/ 

Gallup Organization. (2007). Lifestyles--Economy/Religion [Survey Poll]. USAIPOGNS2007-40.  

Gallup Organization. (2008). Lifestyles--Economy/Religion [Survey Poll]. USAIPOGNS2008-46.  

Gallup Organization. (2009a). Social Series--Values and Beliefs [Survey Poll]. USAIPOGNS2009-09.  

Gallup Organization. (2009b). USA Today [Survey Poll]. USAIPOUSA2009-22.  

Geary, R. C. (1954). The contiguity ratio and statistical mapping. The Incorporated Statistician, 5(3), 115–145. 

doi:10.2307/2986645 

Geography Division. (2011). Centers of Population Computation: for the United States 1950 - 2010. Washington 

D.C.: U.S. Census Bureau. 

Haining, R. (2003). Spatial Data Analysis : Theory and Practice. Cambridge: Cambridge University Press. 

Hsiang, S. M., Burke, M., & Miguel, E. (2013). Quantifying the Influence of Climate on Human Conflict. Science, 

341(6151), 671-714. doi:10.1126/science.1235367 

ITRF. (2016). International Terrestrial Reference Frame (ITRF).  Retrieved from http://itrf.ign.fr/ 

Johnson, B. T., Cromley, E., & Marrouch, N. (2017). Spatiotemporal meta-analysis: Reviewing health psychology 

phenomena over space and time. Health Psychology Review. doi:10.1080/17437199.2017.1343679 

Johnson, B. T., Redding, C., DiClemente, R., Mustanski, B., Dodge, B., Sheeran, P., . . . Fishbein, M. (2010). A 

Network-Individual-Resource Model for HIV Prevention. AIDS and Behavior, 14(S2), 204-221. 

doi:10.1007/s10461-010-9803-z 

http://earth-info.nga.mil/GandG/publications/tr8350.2/wgs84fin.pdf
http://earth-info.nga.mil/GandG/publications/tr8350.2/wgs84fin.pdf
http://www.euref.eu/
http://itrf.ign.fr/


GEOCODING AND SOCIAL PSYCHOLOGY    

 

19 

Kaufman, M., Cornish, F., Zimmerman, R., & Johnson, B. T. (2014). Health Behavior Change Models for HIV 

Prevention and AIDS Care: Practical Recommendations for a Multi-Level Approach. Journal of Acquired 

Immune Deficiency Syndromes, 66(Suppl 3), S250-S258.  

Kay, A. C., Whitson, J. A., Gaucher, D., & Galinsky, A. D. (2009). Compensatory Control: Achieving Order 

Through the Mind, Our Institutions, and the Heavens. Current Directions in Psychological Science, 18(5), 

264-268. doi:10.1111/j.1467-8721.2009.01649.x 

Lee, I. C., Pratto, F., & Johnson, B. T. (2011). Intergroup consensus/disagreement in support of group-based 

hierarchy. Psychological Bulletin, 137(6), 1029-1064. doi:10.1037/a0025410 

Leung, A. K. Y., & Cohen, D. (2011). Within-and between-culture variation: individual differences and the 

cultural logics of honor, face, and dignity cultures. Journal of Personality and Social Psychology, 100(3), 

507-526. doi:10.1037/a0022151 

Maynard, A. E. (2008). What We Thought We Knew and How We Came to Know It: Four Decades of Cross-

Cultural Research from a Piagetian Point of View. Human Development, 51(1), 56-65. 

doi:10.1159/000113156 

Michna, P., & Woods, M. (2013). RNetCDF – A Package for Reading and Writing NetCDF Datasets. The R 

Journal.  

Moran, P. A. P. (1950). Notes on continuous stochastic phenomena. Biometrika, 37(1), 17–23. 

doi:10.2307/2332142 

Nisbett, R. E., & Cohen, D. (1996). Culture of honor. Boulder, Colorado: Westview Press. 

Norman, K. A., Polyn, S. M., Detre, G. J., & Haxby, J. V. (2006). Beyond mind-reading: multi-voxel pattern 

analysis of fMRI data. Trends in Cognitive Sciences, 10(9), 424-430. doi:10.1016/j.tics.2006.07.005 

Pearman, P. B., Guisan, A., Broennimann, O., & Randin, C. F. (2008). Niche dynamics in space and time. Trends 

in Ecology & Evolution, 23(3), 149-158. doi:http://dx.doi.org/10.1016/j.tree.2007.11.005 

Piaget, J. (1957). Construction of reality in the child. London: Routledge. 

Povinelli, R. J., & Feng, X. (2003). A new temporal pattern identification method for characterization and 

prediction of complex time series events. IEEE Transactions on Knowledge and Data Engineering, 15(2), 

339-352. doi:10.1109/TKDE.2003.1185838 

Ranson, M. (2014). Crime, Weather, and Climate Change. Journal of Environmental Economics and 

Management, 67(3), 274-302. doi:10.1016/j.jeem.2013.11.008 

Ross, L., & Nisbett, R. E. (1991). The Person and the Situation: Perspectives of Social Psychology. London: 

McGraw-Hill. 

Shayle, R. S., George, C., & Charles, E. M. (2006). Variance Components. US: Interscience. 

Singer, J. D. (1998). Using SAS PROC MIXED to Fit Multilevel Models, Hierarchical Models, and Individual 

Growth Models. Journal of Educational and Behavioral Statistics, 23(4), 323-355. doi:10.2307/1165280 

Stephenson, A. G. (1999). Mishap Investigation Board, Phase I Report. Washington D.C.: NASA. 

Twenge, J. M. (2000). The age of anxiety? The birth cohort change in anxiety and neuroticism, 1952-1993. 

Journal of Personality and Social Psychology, 79(6), 1007-1021. doi:10.1037//0022-3514.79.6.1007 

Upton, G. J. G., & Fingleton, B. (1985a). Spatial data analysis by example. Categorical and directional data 

(Vol. 2). Chichester: Wiley & Sons. 

Upton, G. J. G., & Fingleton, B. (1985b). Spatial data analysis by example. Point pattern and quantitative data 

(Vol. 1). Chichester: Wiley & Sons. 

Van Bavel, J. J., Mende-Siedlecki, P., Brady, W. J., & Reinero, D. A. (2016). Contextual sensitivity in scientific 

reproducibility. Proceedings of the National Academy of Sciences of the United States of America, 

113(23), 6454-6459. doi:10.1073/pnas.1521897113 

Weidmann, N. B., & Gleditsch, K. S. (2010). Mapping and Measuring Country Shapes: The cshapes Package. 

The R Journal, 2(1), 18-24.  

 

  

http://dx.doi.org/10.1016/j.tree.2007.11.005


20 GEOCODING AND SOCIAL PSYCHOLOGY 

6. Appendix 
 
Code 
 

R code 
 

PACKAGES AND DATA 

 

 Packages used in this chapter:  

nlme, xtable, lm.beta,maps, ggmap, rgdal, rgeos, maptools, tmap, dplyr, tidyr, sp, ape, RNetCDF 

 Please install and activate them to follow the examples using: 

1 packages.install(c("nlme", " xtable ",..)) 

2 library(pckg name1) 

3 pop<-
read.table("http://www2.census.gov/geo/docs/reference/cenpop2010/CenPop2010_Mean_ST.txt", 
header=T,sep=",") 

 

TRADITIONAL MODEL 

 

4 M1=lm(relimp ~ female + age + income + moderate + conservative, data=glp2l, na.action=na.omit) 

5 summary(M1) 

 

UNCONDITIONAL MEANS MODEL 

 

6 glp.int <- groupedData( relimp ~ 1 | STATE, data=glp2l) 

7 MLM00 <- lme(relimp ~ 1, data=glp.int, random = ~ 1 | STATE, na.action=na.omit)  

8 summary(MLM00) 

 

MIXED EFFECTS MODELS 

 

Level-1 Fixed Effects 
 

9 glp.int01 <- groupedData( relimp ~  1+ age + female + income + moderate + conservative| STATE, 
data=glp2l) 
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10 MLM01 <- lme(relimp ~ 1 + age + female + income + moderate + conservative, data=glp.int01, random 
= ~ 1 | STATE, na.action=na.omit,method="REML", corr=NULL) 

11 summary(MLM01) 

 

Level-1 and Level-2 Fixed Effects 
 

12 glp2l.int11 <- groupedData(relimp ~  1+ age + female + income + moderate + conservative| STATE, 
data=glp2l, outer= ~ POPPCT_URBAN) 

13 MLM11 <- lme(relimp  ~  1+ age + female + income + moderate + conservative + POPPCT_URBAN , 
data=glp2l.int11, random = ~ 1 | state, na.action=na.omit) 

14 summary(MLM11) 

 

SPATIAL AUTOCORRELATION 

 
15 popC=pop[pop$STNAME%in%unique(glp2l$state),] 
16 locations <- as.matrix(popC[,c(5,4)]) 
17 DistancesI <- spDists(locations,longlat=TRUE) 
18 weights=1/DistancesI 
19 weights[is.infinite(weights)] <- 0 
20 ResM<- unique(glp2l[,c("STATE","resM")]) 
21 Moran.I(x=ResM$resM,weight=weights) 
 
NetCDF FILE 
 
Air temperature data is provided by the Earth System Research Laboratory of the National Oceanic & 
Atmospheric Administration, Physical Sciences Division, Boulder, Colorado, USA. And available at their Web 
site at http://www.esrl.noaa.gov/psd/  
For this specific file please visit: 
https://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html#detail 
 
22 air=read.nc(open.nc("~/air.mon.mean.v401.nc")) 
23 points=cbind(air$lon],air$lat)  
24 coords2country = function(points) {   

    countriesSP <- getMap(resolution='low') 
    pointsSP = SpatialPoints(points, proj4string=CRS(proj4string(countriesSP)))  
    indices = over(pointsSP, countriesSP) 
    indices$ADMIN  
    indices$ISO3 
} 

25 OUT=data.frame(coords2country(points)) 
26 AIR=cbind(air,OUT) 
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STATA code 
 
Traditional model 

4 reg relimp age female income moderate conservative  

 

Unconditional means model 
6 mixed relimp || state: 
 

Mixed effects models 
 
Level-1 Fixed Effects 

10 mixed relimp age female income  moderate conservative || state: 

 
Level-1 and Level-2 Fixed Effects 

13 mixed relimp age female income  moderate conservative POPPCT_URBAN || state: 

 

Spatial autocorrelation 

17 spatwmat, name(weights) xcoord(lon) ycoord(lat) band(0 5000) 

21 spatgsa ResM, weights(weights) moran twotailed 

 

 

FURTHER INFORMATION 
 
Additional packages and instructions related to spatiotemporal analyses are available on https://cran.r-

project.org/  or https://www.r-pkg.org. The second link contains information about new packages available 
through the first web-page, but also those deposited by authors to GitHub (https://github.com/) along with 
manuals, descriptions, and suggestions. 
 

https://cran.r-project.org/
https://cran.r-project.org/
https://www.r-pkg.org/
https://github.com/)
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