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Overview
Goal: to evaluate ecological drivers of violence across subsistence economies.

Data: estimates of proportional violence (Sigma) among ethnographic and archaeological populations, along with the mean (NPP)
and standard deviation (NPPsd) of net primary productivity.

Method: quasibinomial generalized linear model

R Preamble
library(broom)
library(dplyr)
library(ggplot2)
library(here)
library(kableExtra)
library(patchwork)
library(rnaturalearth)
library(sf)
library(spdep)
library(tibble)
library(tidyr)
library(viridis)

Miscellaneous

# functions for collecting data to plot models
# also some stuff to print the session info in an html table
source(here("R/utils.R"))

# set seed to today
today <- 201020

set.seed(today)

Primary Data
Our response variable is proportional violence. In the archaeological case, that means proportion of osteological samples; in the
ethnographic case, proportion of population estimates.

The predictor variables are net primary productivity, both the mean and standard deviation. These are extracted using the
extract()  function from the raster  package with a 50-kilometer buffer. Note that we also use subsistence economy as a factor

level interaction term.

violence_data <- 
  here("data", "EthnoArch_DF_Complete.csv") %>% 
  read.csv() %>% 
  mutate(MoS = case_when(MoS == "F" ~ "Foraging",
                         MoS == "H" ~ "Horticulture",
                         MoS == "A" ~ "Farming",
                         TRUE ~ MoS)) %>% 
  select(-popdens, -vd_trauma)

We downscale NPP and NPPsd by four orders of magnitude as per the MODIS documentation (see MOD17A3_data_info.txt). The
unit of measure is thus .

violence_data <-
  violence_data %>% 
  mutate(NPP = (NPP / 10000),
         NPPsd = (NPPsd / 10000))

Society Map
To give a sense of the spatial distribution of these archaeological and ethnographic populations, we provide a world map.

societies <- 
  violence_data %>% 
  st_as_sf(coords = c("X", "Y"), crs = 4326)

world <- ne_countries(scale = "medium", returnclass = "sf")

2d Density
The density of societies along the gradient of NPP (mu-by-sd) for these populations should provide some sense of the ecological
niche they occupy, though this is unweighted by the global prevalence of these conditions.

Test for Correlation
A test of correlation in predictors and of autocorrelation in the response should be a required component of any likelihood
estimation.

Predictors: Pearson correlation
with(violence_data, cor.test(NPP, NPPsd))

## 
##  Pearson's product-moment correlation
## 
## data:  NPP and NPPsd
## t = 3.7183, df = 51, p-value = 0.0004997
## alternative hypothesis: true correlation is not equal to 0
## 95 percent confidence interval:
##  0.2188434 0.6508676
## sample estimates:
##       cor 
## 0.4618196

Response: Moran’s I
Now we check for spatial autocorrelation in our response variable, Sigma (i.e., proportion of violence), using a Monte Carlo
simulation of the Moran’s I test, which is implemented with the moran.mc()  function from the spdep  package. The null hypothesis
for this test is that there is no significant spatial autocorrelation in the response. To build a neighborhood matrix, we use a simple
inverse distance weighting.

We want to test for spatial autocorrelation across all societies taken together and within groups of societies defined by mode of
subsistence, so we define a function get_moran  to execute this procedure while satisfying the DRY principle.

get_moran <- function(x, variable){
  
  coords <- st_coordinates(x)
  
  dw <- as.matrix(dist(coords))
  
  idw <- 1/dw
  
  diag(idw) <- 0
  
  idw[is.infinite(idw)] <- 0

  swm_listw <- mat2listw(idw)
  
  df <- st_drop_geometry(x)
  
  mi_test <- moran.mc(df[, variable, drop = TRUE], 
                      listw = swm_listw,
                      nsim = 999)
  
  df <- data.frame(
    variable = variable,
    statistic = round(mi_test$statistic, digits = 3),
    rank = as.integer(mi_test$parameter),
    pval = round(mi_test$p.value, digits = 3)
  )
  
  rownames(df) <- NULL
  
  return(df)
  
}

all_socs <-
  societies %>% 
  get_moran("Sigma") %>% 
  mutate(MoS = "All")

moran_table <- 
  societies %>% 
  group_by(MoS) %>% 
  nest() %>% 
  mutate(Moran = lapply(data, get_moran, variable = "Sigma")) %>% 
  unnest(Moran) %>% 
  select(-data)

moran_table <- 
  moran_table %>% 
  bind_rows(all_socs, .) %>% 
  select(MoS, everything())

rm(all_socs)

Moran’s I Test
Alternative: no spatial autocorrelation.

MoS variable statistic rank pval

All Sigma 0.366 970 0.030

Foraging Sigma -0.378 337 0.663

Horticulture Sigma 0.068 705 0.295

Farming Sigma 0.394 955 0.045

It appears that farming populations are almost entirely responsible for spatial autocorrelation in the response.

Model Formulas
Here are our model specifications.

fm_nul <- Sigma ~ 1

fm_bas <- Sigma ~ (NPP + NPPsd)

fm_MoS <- Sigma ~ (NPP + NPPsd) * MoS

fm_typ <- Sigma ~ (NPP + NPPsd) * data_type

where

Sigma = proportion of violence (0 to 1)
NPP = net primary productivity mean
NPPsd = net primary productivity standard deviation
MoS = factor, mode of subsistence (foraging, farming, horticulture)
data_type = population sample (ethnographic or archaeological)

Exploratory Models
Binomial Model
First, a test for scaled dispersion. In a binomial distribution, the variance should equal the mean. Under-dispersion suggests 

; over-dispersion . We can test for this using a  comparing the deviance of a binomial model
to its residual degrees of freedom. This will tell us whether we should use a quasibinomial model.

mod_binom <- glm(fm_MoS,
                 family = binomial,
                 data = violence_data)

pchisq(
  deviance(mod_binom), 
  df.residual(mod_binom), 
  lower.tail = TRUE
)

## [1] 1.876657e-17

Rejection of the null hypothesis in a lower.tail test indicates under-dispersion, suggesting that we need to use a quasibinomial error
distribution in our model.

Quasi-binomial Model – Data Type
Here we include an interactive data type to test for differences in ethnographic and archaeological data.

mod_typ <- glm(fm_typ, 
               family = quasibinomial,
               data = violence_data)

Summary Fit

null.deviance df.null logLik AIC BIC deviance df.residual nobs dispersion

5.979 52 NA NA NA 3.963 47 53 0.084

Coefficient Estimates

term estimate std.error statistic p.value

(Intercept) -1.736 0.250 -6.945 0.000

NPP -1.681 0.572 -2.940 0.005

NPPsd 3.716 1.590 2.336 0.024

data_typeEthno 0.194 0.530 0.366 0.716

NPP:data_typeEthno 2.519 0.676 3.724 0.001

NPPsd:data_typeEthno -6.185 1.935 -3.197 0.002

This is suggestive, but we believe it is driven almost entirely by the fact that ethnographic data sets consist primarily of foraging
populations, archaeological data sets of farming populations.

tab <- with(violence_data, table(MoS, data_type))

Arch Ethno

Farming 31 0

Foraging 0 8

Horticulture 3 11

chi <- chisq.test(tab)

statistic 42.75

p.value 0

parameter 2

method Pearson’s Chi-squared test

A significant Chi squared test indicates that the distribution of mode of subsistence over data types is non-random.

Explanatory Models
Quasi-binomial Models
As a baseline for evaluating the significance of mode of subsistence, we first fit an intercept only or null model and a model with no
test for interaction with MoS. Then we test for interaction in mode of subsistence.

mod_nul <- glm(fm_nul,
               family = quasibinomial,
               data = violence_data)

mod_bas <- glm(fm_bas,
               family = quasibinomial,
               data = violence_data)

mod_MoS <- glm(fm_MoS, 
               family = quasibinomial,
               data = violence_data)

Model statistics

model null.deviance df.null logLik AIC BIC deviance df.residual nobs

Null 5.9791 52 NA NA NA 5.9791 52 53

Base 5.9791 52 NA NA NA 5.5138 50 53

MoS 5.9791 52 NA NA NA 3.3844 44 53

Coefficient estimates

estimate std.error statistic p.value

Null

(Intercept) -1.5041 0.1202 -12.5162 0.0000

Base

(Intercept) -1.5696 0.2239 -7.0117 0.0000

NPP 0.5134 0.2526 2.0322 0.0475

NPPsd -1.3545 0.9895 -1.3689 0.1771

MoS

(Intercept) -1.7953 0.2448 -7.3344 0.0000

NPP -2.7815 0.7370 -3.7740 0.0005

NPPsd 6.9563 2.1135 3.2913 0.0020

MoSForaging -0.0017 0.7239 -0.0024 0.9981

MoSHorticulture 0.1434 0.5506 0.2604 0.7957

NPP:MoSForaging 5.2511 1.2849 4.0868 0.0002

NPP:MoSHorticulture 3.5463 0.8256 4.2954 0.0001

NPPsd:MoSForaging -11.2655 3.0299 -3.7181 0.0006

NPPsd:MoSHorticulture -8.7846 2.4024 -3.6565 0.0007

A low dispersion value indicates under-dispersion, which the quasi-binomial model should account for.

ANOVA
anova(mod_nul, mod_bas, mod_MoS, test = "LRT")

## Analysis of Deviance Table
## 
## Model 1: Sigma ~ 1
## Model 2: Sigma ~ (NPP + NPPsd)
## Model 3: Sigma ~ (NPP + NPPsd) * MoS
##   Resid. Df Resid. Dev Df Deviance Pr(>Chi)    
## 1        52     5.9791                         
## 2        50     5.5138  2  0.46528  0.04582 *  
## 3        44     3.3844  6  2.12939 8.54e-05 ***
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

As we expected, mode of subsistence makes a significant contribution to model fit.

Residual Autocorrelation
# get the raw residuals
societies$residuals <- residuals(mod_MoS, type = "response")

mi_res <- get_moran(societies, "residuals")

Moran’s I Test
Alternative: no spatial
autocorrelation.

variable statistic rank pval

residuals 0.169 836 0.164

Spatial autocorrelation is largely gone from the response once fitted to the full model. This suggests that one of our predictor
variables has captured any latent spatial process in the response. This is likely owing to the use of mode of subsistence as an
interaction term. See, for example, the world map above.

Results
Here we provide two visual representations of our results. The marginal response shows change in the response for a selected
variable while holding all other variables at their mean, for each mode of subsistence. What we are calling the “punnett response”
shows change in the response within the state space defined by our two primary variables (NPP mu and sd). The latter is more
indicative of our overarching theoretical expectations.

Marginal Response
new_data <- 
  with(violence_data,
       data.frame(
         NPP = seq(min(NPP), max(NPP), length.out = 200),
         NPPsd = seq(min(NPPsd), max(NPPsd), length.out = 200)
       )
  )

margins_all <- 
  rbind(
    get_margins(mod_bas, new_data, "NPP"),
    get_margins(mod_bas, new_data, "NPPsd")
  )

MoS <- c("Farming", "Foraging", "Horticulture")

margins_mos <- 
  lapply(MoS, function(z){
    
    new_data$MoS <- z 
    
    # Farming is the reference class
    if (z == "Farming") {
      
      vnpp   <- "NPP"
      vnppsd <- "NPPsd"
      
    } else {
      
      vnpp  <- paste0("NPP:MoS", z)
      vnppsd <- paste0("NPPsd:MoS", z)
      
    }
    
    df <- 
      rbind(
        get_margins(mod_MoS, new_data, vnpp), 
        get_margins(mod_MoS, new_data, vnppsd)
      )
    
    df <- cbind("MoS" = z, df)
    
    return(df)
    
  })

margins_mos <- do.call(rbind, margins_mos)

Note that the dashed line represents the strategy-insensitive model.

Punnett Response
punnett_all <- get_punnett(mod_bas)

punnett_all$MoS <- "All"

punnett_MoS <- 
  lapply(MoS, 
         function(z) { 
           
           df <- get_punnett(mod_MoS, MoS = z) 
           
           df$MoS <- z
           
           return(df)
           
         })

punnett_MoS <- do.call(rbind, punnett_MoS)

The punnett for the base model is just a dark blue-purple rectangle.

And here are the punnetts by mode of subsistence.
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Appendix: Plotting Functions
#' Get marginal response data
#'
#' @param x a model
#' @param new_data data.frame
#' @param variable character, the independent variable
#'
#' @return a data.frame with variable, x, y, confidence low, and confidence high
#'
get_margins <- function(x, new_data, variable){
  
  significant <- is_significant(x, variable)
  
  if (grepl("MoS", variable)) variable <- strsplit(variable, ":")[[1]][[1]]
  
  if (significant) { 
    
    res <- estimate(x, new_data, variable) 
    
  } else {
    
    res <- zero_out(variable, new_data)
    
  }
  
  return(res)
  
}

#' get coefficient pvalue and compare to alpha
#'
is_significant <- function(x, variable, alpha = 0.05) {
  
  p <-
    x %>% 
    summary() %>% 
    coefficients() %>% 
    as.data.frame() %>% 
    rownames_to_column(var = "variable") %>% 
    filter(variable == !!variable) %>% # !! = unquote
    pull("Pr(>|t|)")
  
  p < alpha
  
}

#' return a zeroed-out dataframe for non-significant coefficients
#'
zero_out <- function(variable, new_data) {
  
  data.frame(
    variable = variable,
    x = new_data[, variable], 
    y = 0,
    conf_hi = 0,
    conf_lo = 0
  )
  
}

#' predict with significant coefficient at margin or mean of other variables
#'
estimate <- function(x, new_data, variable) {
  
  # center alternate variable
  if (variable == "NPP") {
    
    new_data[, "NPPsd"] <- mean(x$data[, "NPPsd"])
    
  } else {
    
    new_data[, "NPP"] <- mean(x$data[, "NPP"])
    
  }
  
  # https://fromthebottomoftheheap.net/2018/12/10/confidence-intervals-for-glms/
  inv_link <- family(x)$linkinv
  
  y <- predict(x, newdata = new_data, se.fit = TRUE)
  
  data.frame(
    variable = variable,
    x        = new_data[, variable],
    y        = inv_link(y$fit),
    conf_hi  = inv_link(y$fit + (2 * y$se.fit)),
    conf_lo  = inv_link(y$fit - (2 * y$se.fit))
  )
  
}

#' predict at all combinations of independent variables
#'
get_punnett <- function(mod, n = 200, MoS = NULL){
  
  xrng <- range(mod$data[, "NPP"])
  yrng <- range(mod$data[, "NPPsd"])
  
  x <- seq(xrng[[1]], xrng[[2]], length.out = n)
  
  y <- seq(yrng[[1]], yrng[[2]], length.out = n)
  
  new_data <- 
    expand.grid(
      x = x,
      y = y
    )
  
  names <- c("NPP", "NPPsd")
  
  if (!is.null(MoS)) { 
    
    new_data$MoS <- MoS

S_Amer Ache Foraging Egalitarian Ethno 0.4300 0.9944304 0.2048640 E. Paraguay

S_Amer Achuar Horticulture Egalitarian Ethno 0.4200 1.5986696 0.2653122

Australia Anbara Foraging Egalitarian Ethno 0.0400 0.3331933 0.2509622 N. Australia

NA Blackfoot Foraging Egalitarian Ethno 0.3300 0.2759457 0.0445140 Plain Indians; 1858 CE

SE_Asia Casiguran Agta Foraging Egalitarian Ethno 0.1200 0.7810883 0.5184520 Philippines; 1962 - 1977 CE

PNG Dugum Dani Horticulture Egalitarian Ethno 0.1550 1.1975081 0.3710800 Grand Valley Dani

PNG Enga Horticulture Egalitarian Ethno 0.3480 1.4668741 0.2952693 Papua New Guinea - all of Enga, but datum
is same as Mae Enga

PNG Gebusi Horticulture Egalitarian Ethno 0.3270 1.5405185 0.0637542 Papua New Guinea

kgC/ /yearm2

Region Soc MoS complexity data_type Sigma NPP NPPsd Note

variance < mean variance > mean χ2



    
    names <- c(names, "MoS")
    
  }
  
  names(new_data) <- names
  
  log_estimate <- predict(mod, newdata = new_data)
  
  inv_link <- family(mod)$linkinv
  
  estimate <- inv_link(log_estimate)
  
  cbind(new_data, "z" = estimate)
  
}
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