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Appendix 1: Time series analysis of peak-rate years and synchrony testing. 
 

Overview 

The raw data are accessible at Figshare (“Time series of global resources”, DOI 

10.6084/m9.figshare.929619), sources are listed in Table 2. 

 

A flowchart of the data analysis is in Figure S1. 

 

 
 

Figure A1.1: Flowchart of data analysis. Blue: peak-rate year detection and estimate. Green: time 

series analysis and statistically independent resource selection. Orange: test of the synchrony 

hypothesis. Gray: Output included in the paper.  
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Peak-rate year estimation 

We use a method that is standardized, nonparametric, generalizable, and allows analysis of 

nonrenewable and renewable resources. To estimate a peak-rate year, the maximum increase rate 

of the time series must be calculated. Nonparametric curve fitting offers advantages regarding the 

bias, and does not require parametric assumptions or that a functional model be postulated (e.g. 

stationarity of rate of resource appropriation). This means that the different resources and drivers 

need not follow the same increase process (Gasser 1984). By using a bootstrap resample to 

estimate the uncertainty of the peak-rate year estimate, we avoid distributional assumption. First, 

we divided each time series by its maximum value to scale the values between 0 and 1. This does 

not affect the estimate of the year when the maximum rate of appropriation occurs, but it allows 

the estimation of the relative growth rate making the different time series comparable. Then, 5,000 

bootstrap samples were obtained, leaving approximately 30-50% of the data out per sample. For 

each bootstrap sample, we fitted a cubic smoothing spline with a smoothing coefficient selected by 

generalized cross-validation. This resulted in limited smoothing, so the estimate of peak-rate year 

is minimally biased (but with greater variance). The peak-rate year is the year of the maximum of 

the first derivative of the cubic spline smoother. The 50th percentile (2.5-97.5th) of the 5,000 

bootstrap resamples was taken to be the peak-rate year with the uncertainty. The number of 

bootstrap resamples was sufficient to ensure that stable estimates were obtained. When the 

estimated peak-rate year was equal to the last year in the time series, we concluded that the peak-

rate year had not passed. This was performed in the software R (R Core Team 2013).  

 

Test for independence among resources and drivers 

To test the hypothesis of synchrony (i.e. peak-rate years occur at the same time), we selected 

statistically independent time series to ensure the validity of the statistical test. To test the 

independence between two time series (on 27 resources), the trend and temporal autocorrelation 

must be taken into account. We subjected the time series (with n > 11) to an automated ARIMA, 

autoregressive integrated moving average, (p, d, q) modelling in R where p is the order of the 

autocorrelation component, d the order of the differencing of the time series, and q the order of the 

moving average component. The numbers of parameters of the model were selected using a 

parsimony measure (i.e. Akaike’s “an information criterion” corrected for small sample size). 

Most time series required differencing to ensure stationarity at the first order (e.g. no trend in the 

mean) while a simple AR or MA adequately modelled the autocorrelation. We tested the residuals 

of the ARIMA modelled time series for their independence over time (i.e. white noise test) with a 

Box-Pierce test with degrees of freedom equal to p+d+q and with number of lags equal to 

10*log(n/2), see table in Table A1.1. 

 

We subjected the white noise residuals to Haugh’s Chi-square test of independence between two 

time series (Haugh 1976). This test was performed on the cross-correlation coefficients of the 

white noise residuals with number of lags equal to 10*log(n/2). When the two-sided null 

hypothesis of independence was rejected, one of the two time series was removed from the 

dataset, see Table A1.2. Note that a simple correlation analysis between two time series is an 

incorrect measure of linear association because of the autocorrelation. 
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Table A1.1. P values of the Box-Pierce test for global resources. This table shows that the time 

series can be used to perform Haugh’s test of independence between two time series, which 

assumes that the residuals of   the modelled time series do not present any temporal 

autocorrelation or trend (i.e. are white noise). Failing to reject (P>0.05) the two-sided null 

hypothesis that the time series residuals are white noise implies that the time series can be used to 

perform Haugh’s test.  
  

Resource P value Box-Pierce test  

Coal 0.228 

Cropland 0.886 

Gas 0.815 

Irrigated area 0.667 

Oil 0.757 

Peat 0.141 

Phosphate 0.498 

Cassava 0.936 

Cotton 0.086 

Dairy 0.727 

Eggs 0.980 

Fertilizer, N 0.862 

Fish, caught 0.805 

Fish, farmed 0.403 

Maize 0.902 

Meat 0.799 

Meat, indigenous 0.670 

Meat, poultry 0.500 

Milk 0.892 

Oilpalm 0.801 

Renew. energy 0.667 

Rice 0.872 

Soybeans 0.806 

Sugarcane 0.842 

Vegetables 0.577 

Wheat 0.480 

Wood 0.761 

 

 

Estimation of the synchrony and test of hypothesis 

Out of the independent time series of resources, 16 presented a peak-rate year (Table 2 and A1.2). 

An inspection of the bootstrap distribution obtained for each suggested that for several resources 

the uncertainty about the median was not symmetric thus we developed a nonparametric test of the 

synchrony hypothesis. The question was whether the peak-rate year occurred at approximately the 

same time given the uncertainty in the estimate of the peak-rate year for each resource. For each of 

16 resources where a peak-rate year was detected, a peak-rate year out of the 5,000 available was 

randomly selected (thus the full range of possible peak-rate year was sampled). The mode (most 

frequent value) of the resulting distribution of 16 peak-rate years was obtained using Parzen’s 

kernel mode estimator with a Gaussian kernel density estimator whose bandwidth was chosen to 

minimize bias. The process was performed 5,000 times (i.e. 5,000 simulations) resulting in a 

distribution of 5,000 modes. If there is no detectable synchrony, then the distribution of 5,000 

modes should be approximately uniform. To supplement a visual inspection of the histogram of 

modes, a nonparametric goodness of fit test was performed with a uniform distribution (e.g. no 

mode) as a null hypothesis using the package ‘dbEmpLikGOF’ (Miecznikowski et al. 2013) in R 

after scaling the distribution of modes to match the support of the uniform distribution (0-1). The 

critical value of the test was obtained by Monte Carlo simulation (5,000) and there is no need to 

rely on normality since the test is nonparametric. Rejecting the two-sided null hypothesis suggests 

synchrony: given the uncertainty in the peak-rate year estimate of each resource there is still a 

value which occurs most often on average (the year of synchrony of peak-rate years).  

 

All statistical tests were performed at a Type I error rate of 0.05. 
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Table A1.2. P values of Haugh test of independence between pairs of time series. This table 

allows the selection of time series which are statistically independent. Looking vertically and 

horizontally, pairs of time series which are significantly dependent are in red. By keeping only one 

of the two time series in the pair which is significantly dependent, a set of independent resources 

is selected. Specifically, failing to reject (P>0.05) the two-sided null hypothesis of independence 

between time series imply that both resources can be used in peak-rate analyses. Highlighted 

numbers represent statistically significant dependence between the two time series at a Type I 

error rate of 0.05, so that one of the two time series is excluded. As a result, peat, phosphate, fish 

farmed, indigenous meat, dairy, vegetables and cotton are not included in the hypothesis test of 

synchrony. The remaining time series represent a set of statistically independent resources 
   

 Crop-

land 

Gas Irrigated 

area 

Oil Peat Phos-

phate 

Cassava Cotton Dairy Eggs Fertilizer, 

N 

Fish, 

caught 

Fish, 

farmed 

Maize 

Coal 0.49 0.87 0.28 0.83 0.85 0.46 0.98 0.92 0.87 0.23 0.64 0.08 0.47 0.88 

Cropland   0.51 0.42 0.83 0.76 0.70 0.97 0.91 0.51 0.96 0.65 0.68 0.67 0.93 

Gas    0.92 0.86 1.00 0.96 0.36 0.72 0.83 0.99 0.75 0.83 0.85 0.94 

Irrigated area     0.64 0.52 0.92 0.55 0.36 0.46 0.64 0.80 0.69 0.78 0.68 

Oil      0.64 0.27 0.98 0.92 0.97 0.97 0.83 0.87 1.00 0.49 

Peat       0.00 0.78 0.87 0.11 0.39 0.25 0.27 0.27 0.30 

Phosphate        0.64 0.25 0.14 0.28 0.50 0.04 0.43 0.83 

Cassava         0.42 0.35 0.09 0.66 0.92 0.39 0.35 

Cotton          0.43 0.47 0.98 0.97 0.30 0.66 

Dairy           0.21 0.59 0.12 0.35 0.24 

Eggs            0.05 0.19 0.07 0.21 

Fertilizer, N             0.30 0.26 0.26 

Fish, caught              0.02 0.23 

Fish, farmed               0.50 

Maize                

Meat                

Meat, indig.                

Meat, poultry                

Milk                

Oilpalm                

Renew. energy                

Rice                

Soybeans                

Sugarcane                

Vegetables                

Wheat                
 

                          

 

Meat Meat,  

indig. 

Meat,  

poultry 

Milk Oilpalm Renew.  

Energy 

Rice Soy-beans Sugar- 

cane 

Vege- 

tables 

Wheat Wood  

0.90 0.86 0.85 0.89 0.72 0.77 0.27 0.84 0.35 0.60 0.82 0.39 Coal 

0.82 0.89 0.76 0.88 0.92 0.42 0.42 0.98 0.96 0.65 0.83 0.69 Cropland 

0.48 0.30 0.64 0.88 0.58 0.34 0.54 0.90 0.99 0.46 0.82 0.27 Gas 

0.99 0.98 0.99 0.59 0.93 0.60 0.43 0.83 0.24 0.41 0.36 0.79 Irrigated area 

0.98 0.99 0.98 0.75 1.00 0.95 0.76 0.94 0.80 1.00 0.99 0.66 Oil 

0.68 0.83 0.75 0.18 1.00 0.98 0.85 0.59 1.00 0.65 0.56 0.93 Peat 

0.68 0.61 0.67 0.07 0.93 0.84 0.19 0.98 0.98 0.50 0.43 0.58 Phosphate 

0.49 0.31 0.12 0.80 0.18 0.44 0.27 0.59 0.65 0.00 0.67 0.11 Cassava 

0.57 0.61 0.43 0.40 0.08 0.13 0.72 0.45 0.40 0.21 0.94 0.04 Cotton 

0.68 0.65 0.47 0.01 0.53 0.85 0.45 0.42 0.68 0.15 0.08 0.61 Dairy 

0.74 0.90 0.22 0.43 0.42 0.50 0.42 0.69 0.19 0.03 0.49 0.45 Eggs 

0.13 0.14 0.39 0.70 0.81 0.98 0.74 0.49 0.90 0.68 0.36 0.48 Fertilizer, N 

0.63 0.51 0.74 0.47 0.55 0.95 0.27 0.33 0.08 0.68 0.07 0.35 Fish, caught 

0.22 0.26 0.37 0.64 0.03 0.29 0.09 0.32 0.34 0.07 0.02 0.55 Fish, farmed 

0.29 0.34 0.50 0.83 0.66 0.97 0.52 0.55 0.09 0.08 0.27 0.76 Maize 

 0.00 0.09 0.85 0.20 0.31 0.60 0.94 0.81 0.52 0.18 0.61 Meat 

  0.12 0.89 0.14 0.36 0.51 0.96 0.79 0.32 0.10 0.45 Meat, indig. 

   0.69 0.24 0.46 0.83 0.59 0.51 0.01 0.80 0.11 Meat, poultry 

    0.74 0.75 0.88 0.71 0.83 0.82 0.72 0.73 Milk 

     0.34 0.22 0.32 0.31 0.28 0.50 0.49 Oilpalm 

      0.32 0.89 0.73 0.41 0.96 0.62 Renew. energy 

       0.33 0.41 0.37 0.11 0.57 Rice 

        0.27 0.42 0.26 0.45 Soybeans 

         0.28 0.50 0.39 Sugarcane 

          0.28 0.03 Vegetables 

           0.94 Wheat 
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Sources of uncertainty 

First, uncertainty of the identified peak-rate years is due to the limited length of the time series. A 

shorter time series increases the variance of the estimators as the sample size is reduced. In the 

bootstrap resample approach taken here a random sample, smaller than the original data series, is 

drawn which increases further the uncertainty surrounding the peak-rate year. Time series with 

several minima and maxima will result in large uncertainty of the peak-rate year estimate, an 

adequate representation of the noise in the time series. Second, technological and demand shifts 

make the time series nonstationary. Hence, we do not make model-based predictions (which 

would assume stationarity for statistical modelling) of rate of resource use, but detect peak-rate 

years in-sample for independent resources over a period where the demand for resources is not 

expected to decrease. New data in the future may shift the peak-rate year. Third, there is 

equifinality in the interpretation of a peak-rate year. For example, a peak-rate year may be 

detected because of the joint effects of scarcity, structural changes such as innovations, and 

changes in regulation in various regions. The interaction pattern cannot be inferred directly from 

the data. Fourth, while this study focuses on peak-rate year at the global level, a regional specific 

analysis may provide a different picture and more specific information on regional action.  
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