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ABSTRACT 

My dissertation aims at developing econometric tests to study nonstationarity in panel 

data allowing for cross-correlations. The first chapter examines excessive comovement and 

nonstationarity in commodity prices. Pindyck and Rotemberg (1990) found excessive 

comovements among prices of a broad set of commodities. Wang and Tomek (2007) argue that 

commodity prices should be stationary and convergent though literature shows otherwise. I use 

both the principal component analysis (PCA) and dynamic factor models (DFM) to extract the 

comovements. We find some comovements, but they are not excessive. Then I control for the 

common factors and structural breaks in our unit root tests. I show that most commodity prices 

are non-stationary even after accounting for comovements and structural breaks. 

The second chapter studies the Prebisch-Singer (PS) hypothesis implying that commodity 

prices decline relative to industrial prices over the time. This has important implications for the 

growth of developing countries though the empirical evidence on the hypothesis is mixed. Using 

the dynamic factor models and principal component analyses I find significant comovements. I 

employ the residual augmented least squares (RALS) procedure to utilize the information 

contained in those factors and in the non-normal errors. I use Fourier function to model structural 

changes. Using data from 1900 to 2018, I find significantly negative trend in the common 

Fourier function and the dynamic common factor of the relative prices which supports the PS 

hypothesis. Out of the 24 individual relative commodity prices, I find negative trend in 12, 
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positive trend in 6 and no clear pattern in others. I find an emerging positive trend in several of 

them from early 2000s. 

The last chapter develops a new unit-root test that accounts for dummy breaks and factors 

extend the two break tests of Lee and Strazicich (2003) in a factor structure to allow for cross-

correlations using the PANIC procedure of Bai and Ng (2004). Then, we apply the new tests to 

examine the stochastic convergence of carbon dioxide (CO2) emissions for a set of 30 OECD 

countries during the period 1960-2018. Our results show that the null of no convergence is 

rejected only for a few countries. 
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CHAPTER 1: COMOVEMENTS, TRENDS, AND NONSTATIONARITY OF 

COMMODITY PRICES 

 

1.1 Introduction  

Commodity trading has become one of the most conspicuous economic phenomena in 

modern-day society, dating back as far as its portrayal in Eddie Murphy's Trading Places to its 

precedent as a frequent topic in research publications. With the advent of globalization, 

international trade relationships have grown more robust. Consequently, commodity prices can 

be affected by a growing number of international factors. Given the widening net of assets and 

events that could impact global commodity prices, much discussion in academia recognizes the 

possibility of interaction. Initially, the influential paper of Pindyck and Rotemberg (1990) finds 

overwhelming evidence of commonalities among commodity prices. They note that there exist 

excessive comovements of commodity prices. Their findings are stark enough to merit the 

terminology of the excessive comovement hypothesis (ECH). They call it a “puzzling 

phenomenon” since a broad set of commodities would be mostly unrelated. Still, more papers 

report evidence of commonalities among international commodity prices.  

On a related issue, Wang and Tomek (2007) argue that commodity prices should be 

stationary and convergent series since the price theory indicates stable equilibria in commodity 

markets. But, they, along with other papers, find empirical evidence of nonstationarity in 

commodity prices. They posit that the potential comovement observed is likely the consequence 

of overlapping symptoms between serially correlated data and a unit root.  Later, Chen et al. 



 

 

2 

 

(2014) suggest that a highly persistent behavior of commodity prices could be due to the 

presence of comovements in commodity prices. They also note that the comovements coincide 

with the variations of exchange rates. 

On the other hand, Ghoshray (2011) notes the importance of allowing for structural 

changes properly and argues that the previous results on nonstationarity could be due to a failure 

to capture the effects of structural change adequately; see also Zanias (2005). In particular, 

Ghoshray utilizes the LM unit root tests of Lee and Strazicich (2003) and finds that 11 

commodity prices out of a panel of 24 are stationary after allowing two structural breaks. A 

recent paper by Winkelried (2018) finds evidence against nonstationarity in relative commodity 

prices, by using the unit root tests with nonlinear structural breaks approximated by the Fourier 

function. These papers recognize the importance of properly controlling for possible structural 

changes in testing for nonstationarity.  

So far, two issues of comovements and nonstationarity of commodity prices have been 

examined separately in the literature. The papers examining the comovements of commodity 

prices are mostly based on the principal component analysis (PCA). As a structurally simple 

model, PCA does not distinguish between stationarity and nonstationarity. Neither does it offer 

any specific information on the nature and sources of the comovements identified by the 

principal components. At the same token, the issue of nonstationarity has been examined without 

referring to the comovements of commodity prices.1 We wish to note that these two issues are 

closely related. Thus, an approach of using all things together is desired. As such, in this paper, 

 

1 To our knowledge, no previous paper in the literature controls for the effects of comovements in testing for 

nonstationarity of commodity prices, despite abundant evidence of comovements. 
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we attempt to examine these issues in a unified framework. The outline of our analysis can be 

summarized as follows.   

First, we examine the extent and nature of the comovements of commodity prices using 

two different approaches. We start with PCA, which has been used frequently in the literature. 

Then, we proceed with dynamic factor models (DFM) with time-varying parameters and 

stochastic volatility. The DFM is a general model, and it has several essential features that can 

overcome the limitation of the PCA. In particular, we can evaluate the time-varying nature of the 

contribution when the effects of the estimated factors on the variable of interest change over 

time. For the PCA, the contribution of the principal components is assumed to remain constant in 

the sample. On the other hand, the DFM can provide useful information on the difference 

between the effects faced among groups of similarly categorized goods, such as food versus 

nonfood versus metal prices. We find evidence of comovements in commodity prices, but we 

observe that the commonality effects are not excessive. The commonality effects are much 

smaller than those from the PCA or reported in the literature. Thus, the puzzling phenomenon of 

the excessive comovement hypothesis (ECH) is not as evident in our results.  

Second, our further analysis can address which commodity is the most correlated with the 

common factor, which factor has the most dissimilar movement in its group, and a plethora of 

other issues predicated on the time-varying components. Such an approach has seemingly not 

been used in the literature to examine the comovements of commodity prices. For this, we 

arrange the commodity prices into three groups- food, nonfood, and metal and then employ the 

Bayesian estimation of the DFM, which permits us to decompose the variation of each 

commodity price into contributions from a common factor, group factors, and an idiosyncratic 

component. Factor contributions are the product of a factor and its loading parameter that 
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indicates the sensitivity of the price series to the factor. Then, we evaluate the relative 

contributions of each of these elements to the variation of commodity price. Also, we examine 

the driving forces of commodity prices. Specifically, we explore which commodity prices tend to 

comove with common and group factors. Moreover, we investigate the relationship between 

comovements with potentially confounding macro variables. In particular, we find that the 

common factor is generally not associated with the trend of VIX, which is the measure of market 

volatilities, except for the periods of economic turmoil.  

Third, we formally examine the nonstationarity of commodity prices, while we attempt to 

account for comovements jointly. We also control for the effects of structural changes and 

nonlinearity.  Our goal is to control for both the comovements and possible structural changes in 

commodity prices at the same time since allowing for possible structural changes is vital in 

testing for nonstationarity. We adopt the extended LM unit root tests with a factor structure and 

structural breaks. We rely on the PANIC (panel analysis of nonstationarity in idiosyncratic and 

common components) procedure of Bai and Ng (2004) to control for the effects of factors. The 

PANIC procedure is based on the PCA. To account for structural changes, we utilize the usual 

dummy variables as well as the Fourier function advocated by Enders and Lee (2012) to catch 

the effects of unobserved forms of multiple nonlinear breaks. Although the PCA does not 

distinguish between common and group factors, it utilizes an iterative procedure that allows us to 

jointly estimate the factor terms and the coefficients of structural breaks.  

The rest of the paper is organized as follows. In Section 2, we discuss the literature in 

more detail. We also describe the data and present the preliminary results using the PCA. Section 

3 provides the estimation procedure of the DFM and discuss the results. In Section 4, we discuss 

the extended testing procedures mentioned earlier and give the test results on the nonstationarity 
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of commodity prices. In Section 5, we make concluding remarks. Appendix of this chapter is 

given in Appendix 1. 

1.2 Literature, Data, and Preliminary Analysis  

As noted above, Pindyck and Rotemberg (1990) initially state the existence of excessive 

comovements in the prices of commodities. They call it a puzzling phenomenon when 

commodity prices have a persistent tendency to move together, although the cross-price 

elasticities of demand and supply could be close to zero. Then, they cast doubt on the standard 

competitive commodity price model. 

Pindyck and Rotemberg's dismissal is in line with some other papers which have deferred 

to the predictions of academic postulations instead of going down the route the empirical data 

leads. There have been some studies to respond to the potential of the excessive co-movements 

hypothesis (ECH). Many of them show a nuanced, limited comovement and, in turn, rebuke a 

systemic, considerable uniformity of movement in price. With the same type of data of Pindyck 

and Rotemberg (1990), Cashin et al. (2002) bring to fruition a nonparametric model proposed by 

Pagan (1999) and find infinitesimal evidence of comovement during temporal transitions. Deb et 

al. (1996) argue that the results of Pindyck and Rotemberg (1990) could be sensitive to neglected 

structural changes, possible non-normal distribution of prices, and conditional heteroscedasticity. 

They found that the evidence of excess comovements becomes weaker when the multivariate 

GARCH model is used. Ai et al. (2006) also present evidence against the ECH and argue that the 

market-level indicators, such as an inventory and harvest size, explain a large portion of price 

movements. Palaskas and Varangis (1991) use a cointegration analysis with 21 prices and find 

that comovement exists in a minority of their sample. 
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Not all the responses to the ECH have taken a position to limit its scope. West and Wong 

(2014) use a factor model with monthly panel data and real prices for commodities ranging from 

meat products to energy and find that prices generally deviate around a common factor over 

time. Also, Alquist et al. (2019) use monthly panel data for a different set of 40 commodity 

prices and represent the variance as a sum of direct, indirect, and stochastic shocks. They find 

that the movement in the prices is most associated with the indirect, rather than the commodity-

specific, shocks. Ohashi and Okimoto (2016) show the evidence of high comovements among 

the prices of agricultural raw materials, beverages, and metals when a model with constant 

unconditional correlation is used. However, when they allow for time-varying, smooth-transition 

correlation, and control for conditional heteroscedasticity, they find that the excess comovements 

become weaker.  

Conceptually, Chiaie et al. (2018) affirm the assessment that observing comovement is 

puzzling, stating that since the demand for different commodities relies on unrelated tastes and 

trends, a lack of correlation should persist. Analytically, several papers take on the task of 

answering for the possibility of comovement. Finally, Liu and Zhang (2019) use a VAR spillover 

model introduced by Diebold and Yilmaz (2012) to establish cross-price relationships after 

accounting for a latent factor. They join with Pradhananga (2016) in hypothesizing that global 

financialization has strengthened the comovement of prices over time based on their results.  

The issue of comovements in commodity prices has a significant implication on the 

nonstationarity of commodity prices. As noted in the above, Wang and Tomek (2007) argue that 

commodity prices should be stationary. However, many papers find empirical evidence of 

nonstationarity in commodity prices. Chen et al. (2014) argue that a highly persistent non-

stationary behavior of commodity prices could be due to the presence of comovements in 
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commodity prices. They employ the PANIC method to examine common factors that drive the 

prices of 51 tradable commodities from 1980-2009. They find that a common factor closely 

related to the US nominal exchange rate is responsible for most of the persistent movements of 

the prices. They suggest that the first principal component (PC) of common factors explains a 

large proportion of the variation of commodity prices, and the PC could be associated with the 

nominal exchange rates of the USA.  

We observe that the results of the excessive comovement hypothesis (ECH) of 

commodity prices have been mixed. Still, overall, abundant results are showing the presence of 

comovements of commodity prices. The results on the nonstationarity are also mixed in the 

literature. We believe that these two issues are closely related to each other, but they have been 

examined separately until now. These are the two primary issues that this paper attempts to 

investigate in a unified framework.    

Our data set is based on the Grilli and Yang (1988) commodity price series of 24 primary 

commodities with data for 1900-2018. Grilli and Yang (GY) used the nominal prices of 24 

primary commodities for the years 1900-1986. All the series were indexed to their 1977–79 

averages. We use the same nominal GY series with the same indexing but updated to the year 

2018. The data set is available at the website of the Center for Studies on Globalization, 

Conflicts, Territories, and Vulnerabilities (Cemotev). Pfaffenzeller updated the data series once 

in 2007 and again in 2013. Later Geronimi, Anani, and Taranco updated the series to 2016 based 

on Pfaffenzeller's guideline in Pfaffenzeller et al. (2007). Francois and Geronimi (2019) made 

the latest update to the year 2018.2  These products in the price series (except lamb, jute, hides, 

 

2. Out of the 24 nominal price series, 18 (lamb, aluminum, silver, banana, cocoa, coffee, rubber, cotton, copper, tin, 

palm oil, corn, lead, rice, sugar, tobacco, tea and zinc) are taken from the World Bank commodity price database 

(“The Pink Sheet”). The prices of 3 primary commodities (beef, hides and wool) are taken from the International 
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and wool), account for over 75% of export values of all non-fuel commodities exported by 

developing countries, 50% of all food and beverages, 73% of metal products. 

In Figure 1a, we present the plots of various commodity prices in our sample. They 

clearly show some common movements in the price series. There are noticeable hikes in all the 

prices throughout the sample period 1900 to 2018. The first noticeable surge in prices was in 

1917, and the years of World War I. The next was in the post-World War II period in 1947. The 

OPEC oil crisis in 1973 and 1979 energy crisis due to the Iranian Revolution were key causes of 

a decade long recession and long-lasting price hikes. The last surge of prices around the late 

2000s is related to the 2007 global financial crisis and the great recession. In Figure 1b, we see 

that those specific times are marked with higher variance in the first differenced prices. 

Figure 1a. Plots of Commodity Prices (level) 

 

 
Monetary Fund (IMF) database, while the prices of the 3 remaining primary commodities (wheat, wood and jute) 

call on other sources as described in the table in their note. Gathering data on these 3 series from outside the IMF 

and World Bank sources is a crucial step in updating the GY nominal price series. 
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Figure 1b. Plots of Commodity Prices (first difference) 

 

We can start our discussion with the results from principal component analysis (PCA) as 

a preliminary analysis. Later, we wish to compare these results with the results from the dynamic 

factor model, which we adopt as the primary methodology. It will be informative to examine 

these results since previous papers mostly use PCA to grasp common comovements. 

One can consider a factor model,  

'it i t itY F e=  +          (1)  

where 1[ ,.., ] 'it t NtY Y Y=  denotes the panel data; tF  is a 1k  vector of latent factors that captures 

commonalities across N countries; i  denotes the associated factor loadings of each individual i, 

and we let 1[ ,.. ]N =   ; 1[ ,.., ] 'it t Nte e e=  are the error terms. The estimated factor matrix ˆ
tF   is 

obtained as the eigenvectors corresponding to the first k largest eigenvalues of the square matrix 

'YY  multiplied by 1/2T . Then, the factor loadings can be given with ˆ ˆ' /tY F T = .  
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 Before proceeding with the inferences, one needs to determine the number of common 

factors for the PCA.  Several information criteria are proposed by Bai and Ng (2002). The 

optimal number of factors is estimated as 5, which was determined by the 𝐼𝐶𝑝2 information 

criteria suggested in their paper. However, we find that the first principal component (PC) 

dominates in the variance decomposition, which shows the relative importance of each PC to the 

variance of commodity prices. They are given as  

Variance Decomposition of the PCA 

PCs PC1 PC2 PC3 PC4 PC5 Sum 

Relative contributions 0.917 0.026 0.018 0.011 0.007 0.979 

Thus, PCA indicates the existence of strong comovements, and the first PC explains about 92 

percent of the variation of 24 commodity prices in our sample.3 This result corresponds to what 

previous papers refer to as a high level of comovements among prices of seemingly unrelated 

commodities. It supports the ECH, as reported in Pindyck and Rotemberg (1990). We will show 

below that these results of PCA could be seen as overestimated.  

 

1.3 Dynamic Factor Model and Estimation Results  

As a primary tool to examine the comovement of commodity prices, we employ a 

dynamic factor model with time-varying parameters and stochastic volatility. This approach has 

not been used in the literature to estimate the comovements of commodity prices. This approach 

has some essential advantages over PCA, as discussed in the previous sections.  

 
3 We present the plots of the estimated PCs in Appendix Figure 1. The first PC is the most relevant, and it follows 

the same trend of the time fixed effects, which are obtained as the average of commodity prices at a given time 

period. It increases slowly until 1972 and then starts to increase gradually until 2018. 
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We follow Del Negro and Otrok (2008) and estimate dynamic factor models using the 

Bayesian Gibbs sampler techniques. The model allows for time-varying loadings and stochastic 

volatility. We decompose the unobserved factor into global and group factors. For this, we 

arrange commodity prices into three groups: food, nonfood, and metal. Formally, we have the 

following factor model, 

 it it t it t ity F G e = + +                                                                                                  (2) 

where tF  is the common factor that affects all the price changes at time t and it denotes the time-

varying factor loading to the common factor that captures the response of an individual series to 

the common factor. Here, tG  is a vector of three group factors that capture common price 

changes in specific groups at time t, and it  is the time-varying loading parameters of those 

specific group factors. Lastly, ite is the idiosyncratic component.  We assume that the time-

varying loading parameters follow random walk processes, 1it it it  −= + and 1it it it  −= + , 

where it  ∼ i.i.d. N(0,1), it  ∼ i.i.d. N(0,1), and they are independent across i. 

 We assume that the common factor, group factors, and the idiosyncratic component are 

orthogonal to each other. Then, we can have the variance decomposition of ity , 

 
2var( ) var( ) ' var( )it it t it t it ity F G e  = + +                                                                (3) 

We also assume that the common factor follows a stationary AR(p) process with stochastic 

volatility 

  1 1 .. th

t t p t p tF F F e v − −= + + +        (4) 
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where 2~ , (0, )t vv iid N  . We make the same assumption for the group factor that they follow a 

stationary AR(p) process with stochastic volatility. The stochastic volatility of the common 

factor is assumed to follow a random walk process 
1

h

t t th h w−= + , where ~ , (0,1)tw iid N . We 

make similar assumptions for the volatility of the group factors. We assume that the error term 

follows a stationary AR(q) process,  

1 , 1 ,..
e
ith

it i i t iq i t q ite e e e  − −= + + +          (5) 

where it  ∼ i.i.d, N(0,1), and the term 
e
ith

e represents the stochastic volatility components that 

follow a random walk process. We assume the volatility shocks in the above equations to be 

orthogonal to each other. We make the same assumptions regarding the prior distributions of the 

parameters as adopted in Del Negro and Otrok (2008) and employ Gibbs sampler techniques to 

draw from the sample posterior distributions of the parameters, the factors, and their loadings 

from the sample data.4    

Here, we formally discuss the results we get from the previously described dynamic 

factor model with time-varying parameters and stochastic volatility. The common factor should, 

by formulation, reflect all the major global trends, pressures, and influences on the prices of 

these commodities in the world markets. We find that the common factor plays a considerable 

role in explaining the comovements and variances in the prices. For example, worldwide 

recessions should be tapped by the common factor.  

 

4 See the Appendix of Del Negro and Otrok (2008) and Bhatt et al. (2017) for the details the technical specifics of 

the Gibbs Sampler along with the prior distributions of the parameters and factors. We have utilized the Matlab 

codes used in Bhatt et al. (2017). Our results are based on random draws of 35,000 repetitions after discarding 5,000 

draws. 
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As we run the dynamic factor model with the data in the first difference, we report the 

common and group factors both in the first difference and in level. The level factors are obtained 

as the cumulative sum of the estimated factors. Figure 2 presents the plots of the estimated 

common factor over the years 1900-2018. We find that the level common factor grows slowly 

until 1972; then, it experiences a drastic increase in magnitude and volatility once in 1973 and 

again in 2004. The major leaps in the common factor around the late 1940s are coincident with 

the post-World War II recession. The escalation of the common factor from the year 1973 

throughout the early 1980s is coincident with the 1973 OPEC oil crisis and the 1979 energy 

crisis due to the Iranian Revolution.  The last hike of the common factor around the late 2000s 

related to the 2007 global financial crisis and the great recession.  

Figure 2. Plots of the Estimated Common Factor from the DFM 

 

The overall trend of the common factor is similar to that of the first principal component 

from PCA, shown in Appendix Figure 1. However, there are some minor differences, as we see 

the 5-year rolling window correlation between them; see Appendix Figure 2a. A particularly 

interesting trend is the common factor’s correlation to the global non-fuel commodity index 

published by the FRED. We observe that the 5-year rolling window correlation from the years 
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1992-2018 is always above 0.86; see Appendix Figure 2b. This confirms that the common factor 

is well representative of the non-fuel commodities traded over the world. However, we do not 

find that the common factor is generally not associated with the trend of VIX, which is the 

measure of market volatilities, except for the periods of the economic turmoil of the oil shocks in 

the early 1970s and the financial crises around 2007 and 2014; see Appendix Figure 2c. 

In Figure 3a-3c, we present the plots of the evolution of the group factors for food, 

nonfood, and metal, in the level and first differences. The group factors reflect the group-specific 

trends and influences on prices on a group of related products. The group factors in the level are 

more relevant. We see the food factor remains steady until the year 1972, and then it gets 

tumultuous to the end of the sampling period. The nonfood factor exhibits a sudden fall in 1951 

and 1952 and then comes to the usual level next year and then grows until 1971. From then on, it 

fluctuates with higher volatility. The metal group factor maintains a relatively steady trajectory 

until 1948 and decreases slowly until 1989. The trend remains stable between 2009 and 2016 and 

then falls again in the last two years. 

Figure 3a. Plots of the Estimated Group Factor (Food) 
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Figure 3b. Plots of the Estimated Group Factor (Nonfood) 

 

Figure 3c. Plots of the Estimated Group Factor (Metal) 

 

One key advantage of the DFM over PCA is that we can evaluate the time-varying nature 

of the dynamic relationship between the estimated factors and the evolution of each of 

commodity prices. That is, PCA provides just one figure, 91.7 percent, over the sample period, 

for the contribution of the estimated principal component to the variation of commodity prices. 

However, the contribution of the factors to the evolution of commodity prices can change over 

time, and its effect is expected to be different over different commodity prices.  The DFM can 

capture these dynamic effects when it allows us to grasp the time-varying contributions of the 

common factor, each of group factors, and the idiosyncratic component to the variance of each 

price. 
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In Figures 4a-4c, we present the time-varying relative contributions of each of the factors 

to the variance of the commodity prices. The plots are arranged by three groups of food, 

nonfood, and metal. The relative contributions of the common, group, and idiosyncratic factors 

are shown in blue, orange, and yellow colors, respectively. There are a few major results worth 

noting.  

First, most importantly, we do not observe evidence of excess comovements in 

commodity prices. We find non-trivial comovements in commodity prices, but their magnitudes 

are not excessive. In Table 1, we provide a summary of the relative contributions of each of the 

common, group, and idiosyncratic factors to the variance of prices. On average, the share of the 

common factor is 26.8 percent, which is significant but far less than 91.7 percent, which is found 

from PCA. On the other hand, the average relative contribution of the product-specific 

(idiosyncratic) factor is 63.6 percent, which is much more significant than the common factor. 

The share of the group factor is relatively small (9.6 percent), while its effect is more evident in 

the metal group. Overall, the periods the DFM shows relatively less idiosyncratic variance shares 

are matched by the aforementioned economic trends that should accompany the increased 

movement. Thus, the puzzling excess comovement hypothesis (ECH) is hardly supported. This 

result is in sharp contrast with the results from PCA reported in the above and previous studies. 

Instead, the most dominating factor that affects commodity prices is the idiosyncratic factor, 

implying that the commodity prices are determined mostly by the shocks in the respective 

commodity markets.  
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Figure 4a. Relative Contributions of the Estimated Factors to Variance in Price 
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Figure 4b. Relative Contributions of the Estimated Factors to Variance in Price 

 

 

Figure 4c. Relative Contributions of the Estimated Factors to Variance in Price 
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Second, the variance contribution of the three factors is time-varying and heterogeneous 

over different commodity prices, which PCA fails to capture. The relative contribution of the 

common factor is more evident in some periods, reaching about 50 percent or more, mostly 

around the period from 1930 to 1955. Their effects are almost negligible in the period around the 

1960s for almost all commodity prices. We observe significant effects around the period from 

2007 and onward for some of the commodity prices.5 The relative share of the variance 

contribution by the common factor has increased after 1973, but the difference between the two 

sub-periods is not significant. Some commodities, such as banana and tobacco, are not affected 

by the common factor throughout the whole period. The share of the idiosyncratic factor is 88.7 

and 89.0 percent for banana and tobacco, respectively.  

Third, the cross-correlations among different commodity prices are also time-variant. 

Figure 5 presents the average cross-correlations in each period among all commodity prices in 

our data set, and three different groups of food, nonfood, and metal products. The cross-

correlations are relatively high (around 0.4) during the period from 1920 to 1950. They 

decreased significantly to close to 0.1 or less around the 1960s. It is the same period when the 

contribution of the common factor is negligible. The cross-correlations tend to increase around 

2010 and onward. In short, the cross-correlations are present, but they are not excessive either. 

These results are in line with the relative variance contributions of the estimated factors. Also, 

they can provide a partial answer to the the puzzling comovement effects, and argue that a lack 

of correlation should persist among fairly independent commodity markets.  

Figure 5.  Average Cross-correlations of Commodity Prices 

 

5 The stochastic volatility of the estimated common and group factors has increased significantly since 2007, as we 

can see the plots in Appendix Figure 3. Thus, the significant effects of the common factor can be interpreted with 

caution.  We also observe increased stochastic volatilities of the estimated idiosyncratic factors of almost all 

commodity prices since 2007 as shown in Appendix Figure 4. 
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In short, we do not find evidence of excessive comovements or highly significant effects 

of the common factor. As such, our results do not support the ECH, and the puzzle of excessive 

commonality effects is not evident. The significance of commonality effects is changing over 

time, and it follows a nonlinear trend.  There exist non-negligible, while not excessive, effects of 

the estimated common factor.   

1.4 Nonstationarity of Commodity Prices  

In this section, we examine the nonstationarity of commodity prices. In particular, we are 

interested in clarifying the effects of the common factors on the potential nonstationarity traits of 

commodity prices. As discussed above, previous studies did not account for the comovements of 

commodity prices in examining this issue. Thus, we wish to examine the nonstationarity of 

commodity prices while taking into account the effects of comovements, which may not be 

excessive but significantly existent.  
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Allowing for possible structural changes is also vital in testing for nonstationarity. Wang 

and Tomek (2007) argue that their nonstationarity results could be due to failure to control for 

structural changes. Then, Ghoshray (2011) allows for trend breaks using the LM unit root tests 

and finds more evidence in favor of trend stationarity; see also Ghoshray et al. (2014). However, 

these and other papers did not control for the comovements. Our goal is to account for 

comovements with a factor structure, and we allow for possible structural changes in commodity 

prices at the same time. In a nutshell, we consider a general model where all critical components 

are combined in a unified framework. Then, we examine the net effects of each one by one.  

To this end, we adopt a battery of unit root tests, some of which allow for the common 

underlying factors and/or structural breaks, and others do not. To allow for a factor structure, we 

consider a panel model. The underlying model can be described as  

'iit i tt ity d F e= + +          (6) 

( ) ( )t tI L F C L u− =          (7) 

(1 ) ( )i it i itL e H L − =         (8) 

where 
0

( )
j

jj
C L C L



=
=  and 

,0
( ) j

i i jj
H L H L



=
=  for 1,.., ,t T= and 1,.., .i N=  Here, tF  is an 1r  

vector that represents the unobserved common factors and i  denotes factor loadings that capture 

the responses of each cross-sectional unit to the common factors. The factor tF  can be either I(1) 

or I(0), depending on the rank of C(L). For the unit root tests, we are interested in testing the 
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hypothesis, H0: 1 i = against Ha: 1,i   for each i, in equation (8).6  Here, comovements are 

reflected in cross-correlations, which the factor term tries to capture.  

The term 
itd  includes deterministic terms such as a constant, trend, and structural 

changes. We start with the basic tests that allow for neither the factor structure nor structural 

changes. The usual ADF tests of Said and Dickey (1984) and the LM tests of Schmidt and 

Phillips (1992) can be considered.7 For these basic models, the factor term tF  is absent in (6). 

We let 'it itd Z = , where [1, ] 'itZ t=  for the model with a constant and trend.  

Then, we consider two sets of benchmark tests. The tests in the first set allow for a factor 

structure for the ADF and LM tests, but no structural changes. We use the PANIC test of Bai and 

Ng (2004), which we denote as PANIC-ADF since it is based on the ADF testing framework. 

The main feature of the PANIC procedure is that the asymptotic distribution of the resulting test 

statistic does not depend on the factor structure, and it is the same as that of the test not allowing 

for factors since the first differences are used to estimate the factors.  We also consider new tests, 

say, the PANIC-LM tests for which we adopt the LM testing procedure and allow for a factor 

structure to control for the effects of cross-correlations. These new tests are special cases of more 

general tests of Nazlioglu et al. (2020) and Islam et al. (2020), which we explain below. The 

 

6 One can consider panel statistics for the hypothesis, Ha: 1i   for some i’s. However, we are not interested in 

testing for the sharp joint null hypothesis that all variables are non-stationary, H0: 1 i = for all i, which can be 

rejected if stationarity is found for at least one cross-sectional unit. Instead, we are interested in testing non-

stationarity of each variable after controlling for cross-correlations with a factor structure.    

7 In these tests and all other tests below, except for one, we adopt the parametric regression models that augment the 

lagged first differences of the variable to correct for the effects of autocorrelation. The optimal lag is determined 

using a general-to-specific procedure where the significance of the coefficient of the last lagged variable is 

examined one by one. The maximum lag is given as 8. One exception is the test of Bai and Carrion-i-Silvestre 

(2009). It is based on the non-parametric estimation of the long-run variance and it does not allow for augmented 

terms. 
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second set of benchmark tests allow for structural changes, but no factor structure. We use the 

LM unit root tests of Lee and Strazicich (2003), which allow for up to two trend breaks and the 

LM-Fourier tests of Enders and Lee (2012). 8 The former uses dummy variables along with 

estimated break locations, and the latter utilizes the Fourier function to approximate unknown 

forms of multiple nonlinear structural changes. These are the benchmark tests with which we 

wish to evaluate the net effects of controlling for the factors and structural changes, one by one.  

Then, we proceed with the general tests that allow for both structural changes and the 

factor structure. These are the main tools for our analysis. We consider three different tests. First, 

we employ the PANIC-break tests of Bai and Carrion-i-Silvestre (2009), who extend the PANIC 

tests to capture multiple structural breaks in level and trend using 

 and 'it itd Z =  in (6). They employ the MSB tests which 

correspond to the LM type tests. 9 Second, we adopt the PANIC-Fourier tests of Nazlioglu et al. 

(2020), who consider the LM version of the PANIC tests while allowing for a Fourier function. 

For these tests, the following Fourier function is used to model multiple nonlinear breaks of 

unknown forms.  

 
1 1

si(2 / ) (2 /n )
i im m

it i i ik ik

k k

d c t a cos kt T b kt T  
= =

= + + +      (9)  

The advantages of using the Fourier function are discussed in Enders and Lee (2012). In 

particular, the task of estimating the number of breaks and their locations is diverted to 

 

8 Mainly, we employ the LM type testing procedures to allow for structural changes since there are some operating 

advantages when dealing with breaks, regardless of dummy or Fourier breaks.  

9 However, these tests do not rely on the augmented lagged terms as in ADF type procedure. Instead, they rely on 

the non-parametric estimation of the long-run (LR) variance to correct for autocorrelations, just as Phillips and 

Perron (PP, 1988) did. Thus, the way to handle autocorrelations is different from other tests. These tests can be 

shown as more powerful, but they can be subject to size distortions in the presence of strong autocorrelations. 
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estimating a parsimonious frequency parameter. We consider different results using the different 

number of cumulative frequencies with m = 1, 2, and 3.  Third, we consider the new PANIC-LM 

tests with dummy variables of Islam et al. (2020). They extend the framework of Lee and 

Strazicich (2003) to allow for a factor structure using the PANIC procedure. These tests are new 

in the literature, and they can be considered as a natural extension.  

All these three general tests utilize the PANIC procedure to estimate the factor structure. 

The PANIC procedure is based on the PCA in the first differences. The challenge is to estimate 

the factor terms and the coefficients of structural breaks jointly. Bai and Ng (2004) and Bai and 

Carrion-i-Silvestre (2009) adopt an iterative procedure; see also Nazlioglu et al. (2020) for more 

details when the Fourier function is employed. We obtain the p-values corresponding to the 

computed test statistics, for which we use the response surface functions.10 Here is the summary 

of different tests that explain which components are controlled. 

Summary of Different Tests with/without breaks or factors 

Tests Break 
type 

Factors Auto-
correlation 

References 

(i)  ADF n/a n/a augmented Said and Dickey (1984) 
(ii)  LM n/a n/a augmented Schmidt and Phillips (1991) 

(iii)  PANIC-ADF n/a PANIC augmented Bai and Ng (2004) 
(iv)  PANIC-LM n/a PANIC augmented New 

(v)  LM-dummy dummy n/a augmented Lee and Strazicich (2003) 
(vi)  LM-Fourier Fourier n/a augmented Enders and Lee (2012) 

(vii)  PANIC-dummy dummy PANIC PP type Bai and Carrion-i-Silvestre (2009) 
(viii)  PANIC-Fourier Fourier PANIC augmented Nazlioglu et al. (2020) 
(ix)  PANIC-LM-dummy dummy PANIC augmented Islam et al. (2020) 

 

10 The response surface functions for the ADF tests without breaks are based on Cheung and Lai (1995). For the LM 

version tests with and without breaks, we rely on the response surface estimates in Nazlioglu and Lee (2020).  The 

Gauss codes for all of these tests will be available at https://sites.google.com/site/junsoolee/codes. Some of the 

codes for existing tests are also provided at the Gauss package, tspdlib, of Nazlioglu (2019). 

https://sites.google.com/site/junsoolee/codes
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In Table 2, we report the test results of ADF and LM tests. The number of rejections of 

the null of a unit root is 6 and 5 from these tests, respectively. When we control for the factor 

structure for PANIC-ADF of Bai and Ng (2004) and PANIC-LM tests (new), the number of 

rejections is 6 from these tests. However, the null is rejected for different commodity prices. For 

Cocoa and Rice, the null is rejected by both tests.  

The effects of allowing for structural changes are more evident. From Table 3, we 

observe many more rejections of the null from the LM tests with breaks. The null is rejected for 

23 and 24 commodity prices for the model with one and two trend-shifts. This result coincides 

with and can be even stronger than the finding of Ghoshray (2011), who found more evidence of 

favoring stationarity by using the LM tests with two trend-shifts. When smooth breaks using the 

Fourier function are considered, the number of rejections is reduced to 13, 4, and 2, depending 

on the number of cumulative frequencies, m = 1, 2, and 3, respectively; see Table 3.    

In Tables 4, 5, and 6, we provide the test results of three general tests that allow for both 

breaks and the factor structure.  Table 4 shows that the conservative Bai and Carrion-i-Silvestre 

tests reject the null of a unit root for only one commodity for all cases of 1, 2, and 3 trend breaks. 

When smooth breaks with the Fourier function are used, the results are not much different; see 

Table 5. The number of rejections of the null hypothesis are 4, 2, and 4, when m = 1, 2, and 3 

respectively. When the optimal frequency is used based on the BIC criterion, the result shown in 

the last column of Table 5 is also similar. Table 6 shows that when the LM tests with two trend 

breaks are used along with a factor structure, the number of rejections is 8. This result can be 

directly compared to the results of LM tests with two trend breaks shown in Table 3.11 

 

11 We have presented the plots of the estimated breaks in Figure 6 (2 trend breaks), Figure 7 (Fourier breaks), and 

Appendix Figure 5 (2 level breaks). The plots of the estimated factors from the PANIC-LM break models and Bai 

and Carrion-i-Silvestre (2009) are similar; they are provided in Online Figures 1 and 2. 
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In summary, we find that when the factor structure is controlled for, the results show 

quite fewer rejections of the null of a unit root hypothesis. Allowing for a factor structure has an 

effect of not rejecting the null of a unit root in these cases. These results could be in line with the 

finding of Chen et al. (2014), who argue that a highly persistent non-stationary behavior of 

commodity prices could be due to the presence of comovements in commodity prices. In general, 

the bias of failing to correct for cross-correlation can be either direction, and we may observe 

more or fewer rejections. In the cases of our analysis on commodity prices, the number of cases 

of rejecting the null is reduced significantly by controlling for the factor structure. These results 

of fewer rejections are not due to the failure of controlling for structural breaks since we allow 

for all different major types of breaks.  

1.5 Summary and Concluding Remarks  

In this paper, we have examined the degree and nature of comovements of commodity 

prices using data of more than a century from 1900 to 2018.  We find evidence of commonalities 

among commodity prices from the dynamic panel data models, which allow us to decompose the 

comovements into common and group factors. However, we do not find evidence to support the 

puzzling excessive comovement hypothesis (ECH) of commodity prices. We can observe 

excessive comovements from the principal component analysis (PCA), which previous papers 

are based on, but these results might be over-estimated. We also find that the relative 

contribution of the common factor to the variance of prices is time-varying. The effects of 

comovements are stronger during the period of economic recessions or the financial crises but 

are negligible in other periods.  

Then, we have examined the effects of comovements on the nonstationarity of commodity 

prices. The results in the previous studies are mixed. Wang and Tomek (2007) argue that 
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commodity prices should be stationary, but many papers have found empirical evidence of 

nonstationarity in commodity prices. We note that these two issues of comovements and the 

nonstationarity of commodity prices are closely related and examine them in a unified 

framework. Despite abundant evidence of comovements, no previous paper has accounted for 

comovements of commodity prices in examining the nonstationarity property. We find that 

allowing for structural changes tends to reject the null of a unit root, which is consistent with the 

finding of Perron (1989). However, when we take into account the effects of comovements, the 

results are reversed. We find that many of the commodity prices are non-stationary when we 

allow for a factor structure while controlling for possible structural changes. The results are 

robust in various cases. Overall, our results shed new light on the nature of the commonalities 

and nonstationarity of commodity prices and provide a potential path forward for precisely 

characterizing other economic and social phenomena. 
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Figure 6.  Plots of Estimated Breaks of Commodity Prices (2 Trend Breaks)
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Figure 7.  Plots of Estimated Fourier Breaks of Commodity Prices (m=3) 
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Table 1. Summary of Relative Contributions of Factors to the Variance of Prices 

  

Whole period 

1901 - 2018 

 Sub-period 1 

1901 - 1972 

 Sub-period 2 

1973-2018  

  Common Group Idiosyn Common Group Idiosyn Common Group Idiosyn 

All Average 0.268 0.095 0.636 0.251 0.094 0.654 0.295 0.098 0.607 

Food average 0.228 0.116 0.656 0.215 0.103 0.682 0.250 0.136 0.614 

Coffee 0.197 0.104 0.699 0.187 0.054 0.759 0.213 0.185 0.602 

Cocoa 0.162 0.136 0.702 0.183 0.086 0.732 0.129 0.223 0.649 

Tea 0.161 0.063 0.777 0.192 0.029 0.779 0.106 0.118 0.776 

Rice 0.215 0.142 0.643 0.169 0.067 0.764 0.301 0.276 0.424 

Wheat 0.364 0.146 0.490 0.318 0.041 0.640 0.444 0.330 0.227 

Maize 0.378 0.087 0.535 0.363 0.021 0.617 0.405 0.210 0.385 

Sugar 0.265 0.014 0.721 0.232 0.008 0.759 0.321 0.024 0.655 

Beef 0.126 0.271 0.603 0.114 0.418 0.468 0.144 0.049 0.807 

Lamb 0.146 0.262 0.592 0.098 0.417 0.485 0.217 0.036 0.747 

Banana 0.063 0.050 0.887 0.072 0.040 0.889 0.049 0.066 0.884 

Palmoil 0.425 0.022 0.554 0.415 0.015 0.570 0.441 0.031 0.529 

Nonfood average 0.278 0.033 0.689 0.252 0.039 0.709 0.321 0.021 0.659 

Cotton 0.348 0.015 0.637 0.307 0.018 0.675 0.415 0.012 0.573 

Jute 0.161 0.010 0.828 0.218 0.015 0.767 0.073 0.005 0.922 

Wool 0.363 0.092 0.545 0.351 0.101 0.549 0.381 0.077 0.541 

Hides 0.188 0.035 0.778 0.220 0.043 0.736 0.135 0.023 0.842 

Tobacco 0.092 0.018 0.890 0.124 0.027 0.849 0.044 0.003 0.952 

Rubber 0.331 0.046 0.623 0.108 0.054 0.837 0.686 0.032 0.282 

Timber 0.483 0.013 0.504 0.444 0.020 0.536 0.540 0.003 0.457 

Metal average 0.327 0.138 0.535 0.318 0.145 0.537 0.341 0.129 0.530 

Copper 0.375 0.192 0.433 0.290 0.172 0.539 0.514 0.224 0.263 

Aluminium 0.133 0.122 0.745 0.076 0.084 0.839 0.225 0.183 0.592 

Tin 0.456 0.081 0.463 0.402 0.121 0.478 0.538 0.022 0.440 

Silver 0.298 0.086 0.616 0.274 0.128 0.599 0.337 0.022 0.641 

Lead 0.427 0.164 0.409 0.487 0.201 0.312 0.331 0.105 0.564 

Zinc 0.270 0.189 0.541 0.386 0.163 0.451 0.091 0.230 0.679 
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Table 2. Results of Tests without Breaks and Factors and PANIC Tests with Factors 

without Breaks 

  ADF lag LM pval lag 
PANIC-

ADF pval lag 
PANIC-

LM pval lag 

Coffee -4.07 3 0.07 1.00 0 -1.24 0.20 7 -1.89 0.53 7 

Cocoa -3.68 1 -3.40 0.02 1 -2.27 0.02 2 -3.29 0.04 1 

Tea -2.84 7 -2.40 0.21 0 -1.32 0.17 7 -3.12 0.06 7 

Rice -4.40 1 -4.36 0.00 1 -2.53 0.01 2 -4.47 0.00 3 

Wheat -2.51 2 -1.21 0.93 0 -0.87 0.34 5 -1.66 0.69 5 

Maize -4.18 1 -4.16 0.00 1 -1.08 0.25 5 -5.31 0.00 0 

Sugar -3.68 6 -0.65 1.00 0 -1.76 0.08 7 -3.39 0.03 7 

Beef -0.80 5 -0.91 1.00 0 -0.77 0.38 8 -1.68 0.67 8 

Lamb -0.10 5 -0.90 1.00 0 -0.40 0.53 5 -1.53 0.77 5 

Banana 1.03 2 -0.09 1.00 0 -0.67 0.42 4 -0.90 0.99 7 

Palmoil -2.97 2 -0.23 1.00 0 -0.62 0.44 8 -2.27 0.31 8 

Cotton -3.86 7 -0.83 1.00 0 -1.63 0.10 0 -2.63 0.17 8 

Jute -1.53 2 -2.30 0.26 0 -0.87 0.34 5 -1.49 0.79 5 

Wool -0.51 2 -0.82 1.00 0 -0.98 0.29 6 -1.49 0.80 6 

Hides -2.23 2 0.77 1.00 0 -1.68 0.09 1 -2.24 0.32 1 

Tobacco -1.29 5 -1.95 0.46 1 -0.87 0.34 5 -1.46 0.81 5 

Rubber -3.00 0 -1.09 0.97 0 -1.21 0.21 0 -1.97 0.48 5 

Timber -1.96 2 -0.01 1.00 0 -1.19 0.21 7 -1.58 0.73 2 

Copper -1.48 8 -2.47 0.19 1 -3.31 0.00 5 -3.32 0.04 5 

Aluminium -1.96 8 -1.67 0.66 0 -2.23 0.03 0 -2.46 0.19 0 

Tin -2.59 3 -1.16 0.95 0 -2.10 0.04 3 -2.70 0.15 3 

Silver -2.56 2 -3.45 0.02 1 -1.80 0.07 2 -2.83 0.12 2 

Lead -1.05 2 -1.28 0.90 0 -1.07 0.26 5 -1.26 0.92 5 

Zinc -1.91 2 -3.57 0.01 1 -2.85 0.01 0 -3.40 0.02 0 

# of rejections 6  5   6   6    

# of factors n/a  n/a   5   5    

Breaks No  No   No   No   

Factors No  No   PANIC   PANIC   
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Table 3. Results of Tests with Breaks without Factors 

  

  

LM One break 

  

LM Two breaks 

   

LM with 
Fourier 
(m=3) 

LM with 
Fourier 
(m=2) 

LM with 
Fourier 
(m=1) 

LM pval brk LM pval brk1 brk2 LM       pval LM     pval   LM    pval 

Coffee -5.01 0.00 1973 -7.56 0.00 1973 1987 -4.73 0.30 -4.46 0.13 -4.43 0.02 

Cocoa -4.52 0.00 1998 -7.24 0.00 1973 1987 -3.69 0.86 -3.12 0.83 -3.02 0.42 

Tea -4.46 0.00 1976 -7.94 0.00 1982 1994 -4.41 0.48 -4.32 0.17 -4.06 0.04 

Rice -4.34 0.01 1984 -7.22 0.00 1970 1983 -4.99 0.18 -4.55 0.10 -4.21 0.03 

Wheat -5.68 0.00 1999 -7.13 0.00 1989 2000 -4.72 0.31 -4.56 0.10 -4.51 0.01 

Maize -5.56 0.00 1994 -6.65 0.00 1993 1999 -4.50 0.43 -4.31 0.17 -4.29 0.02 

Sugar -4.56 0.00 1969 -9.64 0.00 1972 1983 -4.61 0.36 -4.29 0.18 -4.19 0.03 

Beef -3.49 0.07 1945 -6.58 0.00 1974 1983 -3.01 0.99 -3.26 0.76 -3.20 0.29 

Lamb -4.56 0.00 1995 -7.43 0.00 1974 1991 -4.95 0.19 -4.27 0.18 -4.24 0.02 

Banana -5.56 0.00 1995 -8.86 0.00 1985 1999 -3.87 0.79 -3.16 0.82 -2.78 0.57 

Palmoil -5.81 0.00 1970 -7.19 0.00 1982 1999 -5.41 0.07 -5.29 0.01 -5.17 0.00 

Cotton -7.07 0.00 1993 -7.82 0.00 1970 1993 -5.46 0.06 -4.85 0.05 -4.36 0.02 

Jute -4.43 0.00 1994 -8.42 0.00 1978 1998 -2.98 0.99 -2.58 0.98 -2.32 0.84 

Wool -4.45 0.00 1995 -8.10 0.00 1964 1995 -3.46 0.93 -3.08 0.84 -2.49 0.75 

Hides -4.76 0.00 1982 -7.78 0.00 1971 1984 -5.43 0.07 -4.62 0.09 -3.86 0.08 

Tobacco -3.92 0.02 1955 -7.01 0.00 1974 1991 -3.49 0.93 -3.64 0.52 -3.64 0.12 

Rubber -6.93 0.00 1999 -7.97 0.00 1924 2000 -5.37 0.08 -5.32 0.01 -4.43 0.01 

Timber -5.18 0.00 1970 -6.25 0.00 1984 2000 -4.73 0.29 -4.67 0.07 -3.70 0.11 

Copper -9.02 0.00 2000 -11.37 0.00 1992 2000 -7.44 0.00 -6.86 0.00 -3.82 0.08 

Aluminium -4.51 0.00 1993 -7.04 0.00 1986 2000 -4.66 0.34 -4.55 0.10 -4.12 0.03 

Tin -5.22 0.00 2000 -5.94 0.00 1971 1991 -4.51 0.42 -3.63 0.54 -3.30 0.26 

Silver -5.40 0.00 1987 -7.58 0.00 1976 1982 -4.48 0.44 -4.15 0.24 -4.14 0.03 

Lead -6.26 0.00 2000 -7.24 0.00 1991 2000 -4.73 0.30 -3.96 0.34 -3.21 0.31 

Zinc -6.81 0.00 1995 -7.65 0.00 1971 1995 -5.82 0.02 -4.52 0.11 -4.71 0.01 

# of rejections 23     24       2   4   13   

# of factors n/a     n/a       n/a   n/a   n/a   

Breaks  dummy    dummy     Fourier  Fourier  Fourier 

Factors No   No    No  No  No  
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Table 4. Results of Bai and Carrion-i-Silvestre Tests with Breaks and Factors 

  One break Two breaks  Three breaks   

  MSB pval brk1 MSB pval brk1 brk2 MSB pval brk1 brk2 brk3 

Coffee 0.135 0.70 1977 0.020 0.78 1960 1977 0.027 0.89 1960 1977 2001 

Cocoa 0.059 0.71 1971 0.118 0.98 1977 2000 0.018 0.08 1920 1977 2001 

Tea 0.048 0.50 1973 0.048 0.73 1984 2001 0.030 0.32 1920 1984 2001 

Rice 0.030 0.13 1985 0.015 0.14 1973 2001 0.112 0.97 1946 1974 2001 

Wheat 0.166 0.89 1981 0.062 0.97 1946 2001 0.052 1.00 1920 1974 2001 

Maize 0.218 0.94 1980 0.036 0.70 1947 2001 0.044 0.96 1917 1974 2001 

Sugar 0.052 0.40 1985 0.016 0.06 1974 1991 0.026 0.30 1946 1974 1991 

Beef 0.117 0.91 1998 0.142 0.99 1980 1998 0.017 0.58 1962 1980 1998 

Lamb 0.057 0.76 1975 0.055 1.00 1975 2000 0.084 1.00 1938 1980 2000 

Banana 0.095 0.93 1999 0.115 1.00 1974 1999 0.054 0.99 1918 1977 1999 

Palmoil 0.063 0.50 1973 0.167 0.93 1984 2001 0.032 0.71 1967 1984 2001 

Cotton 0.088 0.70 1969 0.040 0.54 1919 1976 0.030 0.18 1925 1947 1976 

Jute 0.028 0.06 1974 0.026 0.52 1966 1985 0.093 0.97 1920 1968 1985 

Wool 0.031 0.99 1999 0.043 0.99 1951 2000 0.041 0.98 1951 1971 2000 

Hides 0.146 0.99 2001 0.015 0.07 1919 1990 0.000 0.00 1925 1947 1990 

Tobacco 0.019 0.08 1971 0.015 0.07 1967 1984 0.026 0.81 1940 1983 2001 

Rubber 0.030 0.15 1980 0.033 0.26 1969 1986 0.054 0.91 1919 1969 1986 

Timber 0.109 0.96 1972 0.087 0.99 1980 1997 0.066 0.99 1925 1980 1997 

Copper 0.013 0.52 1999 0.017 0.89 1981 2001 0.012 0.22 1951 1976 1998 

Aluminium 0.014 0.02 1974 0.054 0.97 1970 1988 0.053 0.88 1917 1947 1988 

Tin 0.207 0.82 1995 0.029 0.73 1980 2001 0.040 0.96 1963 1980 2001 

Silver 0.014 0.26 1995 0.008 0.04 1976 1997 0.015 0.07 1921 1963 1995 

Lead 0.015 0.78 2000 0.094 1.00 1980 2000 0.039 0.96 1919 1980 2000 

Zinc 0.070 0.99 2001 0.018 0.56 1970 1999 0.028 0.87 1939 1972 2001 

# of rejections 1     1       1         

# of factors 5     5       5         

Breaks Dummy  Dummy   Dummy    

Factors PANIC   PANIC    PANIC     
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Table 5. Results of Nazlioglu et al. Tests with Fourier Breaks and Factors 

  Fourier (m=1) Fourier (m=2)  Fourier (m=3) Fourier (m=estimated) 

  LM pval lag LM pval lag LM pval lag LM pval m lag 

Coffee -4.65 0.03 3 -5.15 0.09 3 -5.21 0.34 3 -6.02 0.07 3 1 

Cocoa -3.67 0.25 1 -3.76 0.72 1 -4.53 0.72 1 -5.17 0.36 3 2 

Tea -3.81 0.19 7 -3.95 0.61 7 -3.94 0.94 7 -4.00 0.93 3 7 

Rice -4.66 0.03 3 -5.23 0.07 3 -5.89 0.09 3 -4.20 0.00 0 2 

Wheat -2.25 0.94 5 -2.92 0.97 5 -7.04 0.00 3 -1.36 0.87 0 4 

Maize -6.90 0.00 1 -7.13 0.00 1 -6.37 0.03 3 -3.69 0.02 0 2 

Sugar -3.68 0.24 7 -4.09 0.53 7 -4.78 0.59 7 -2.33 0.24 0 0 

Beef -2.80 0.71 8 -3.09 0.95 8 -4.98 0.47 1 -2.54 1.00 3 5 

Lamb -5.73 0.00 4 -5.80 0.01 4 -6.57 0.01 4 -3.29 1.00 3 2 

Banana -2.24 0.94 7 -2.74 0.99 8 -3.26 1.00 4 -3.44 0.99 3 8 

Palmoil -3.88 0.17 2 -4.94 0.13 7 -5.27 0.31 7 -4.79 0.58 3 2 

Cotton -3.73 0.22 8 -4.21 0.45 8 -5.37 0.25 8 -4.41 0.00 0 0 

Jute -2.57 0.82 5 -3.06 0.96 5 -3.90 0.95 5 -0.79 1.00 3 6 

Wool -2.78 0.71 6 -3.86 0.66 6 -4.92 0.51 6 -3.28 1.00 3 2 

Hides -3.16 0.50 1 -4.95 0.13 1 -5.59 0.16 8 -3.10 1.00 3 8 

Tobacco -3.10 0.53 5 -3.07 0.96 5 -3.41 0.99 5 -4.54 0.72 3 5 

Rubber -3.37 0.39 7 -3.78 0.70 7 -4.43 0.78 7 -4.02 0.66 3 0 

Timber -3.24 0.30 0 -4.49 0.31 7 -5.23 0.33 7 -2.03 1.00 3 7 

Copper -3.48 0.33 5 -4.13 0.50 5 -5.51 0.19 8 -1.37 0.87 0 3 

Aluminium -3.56 0.16 0 -4.62 0.25 6 -5.05 0.43 6 -2.54 1.00 3 1 

Tin -2.80 0.70 3 -3.52 0.83 7 -5.08 0.41 7 -3.08 1.00 3 3 

Silver -3.56 0.29 5 -3.78 0.70 5 -4.63 0.67 5 -0.66 1.00 0 8 

Lead -1.71 1.00 5 -2.37 1.00 5 -6.47 0.02 3 -1.63 1.00 3 5 

Zinc -3.57 0.16 0 -4.03 0.29 0 -4.38 0.80 7 -1.97 0.48 0 8 

# of rejections 4     2     4     3       

# of factors 5     5     5     5       

Breaks Fourier  Fourier  Fourier  Fourier   

Factors PANIC  PANIC  PANIC  PANIC   
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Table 6. Results of PANIC LM Tests with Breaks and Factors 

  LM test with 2 trend brks LM test with 2 level brks 

  LM pval brk1 brk2 LM pval brk1 brk2 

Coffee -2.714 0.78 1974 1977 -3.232 0.03 1976 1993 

Cocoa -3.015 0.57 1976 1982 -0.955 0.99 1973 1976 

Tea -6.193 0.00 1976 1984 -4.155 0.00 1976 1984 

Rice -5.801 0.00 1971 1974 -3.691 0.01 1972 1981 

Wheat -4.289 0.04 1971 1974 -0.545 1.00 1972 1996 

Maize -4.073 0.08 1947 1972 -2.533 0.16 1947 1996 

Sugar -3.207 0.45 1973 1979 -1.743 0.60 1973 1979 

Beef -3.100 0.51 1978 1986 -0.528 1.00 1978 1986 

Lamb -2.966 0.68 1995 2000 -0.271 1.00 1995 1997 

Banana -3.439 0.33 1991 2000 -5.330 0.00 1998 2000 

Palmoil -3.076 0.52 1983 1986 -2.705 0.11 1917 1998 

Cotton -2.813 0.71 1982 1986 -2.202 0.31 1986 1991 

Jute -1.048 1.00 1982 1985 -1.141 0.95 1983 1985 

Wool -2.837 0.69 1972 1999 -0.324 1.00 1951 1972 

Hides -3.564 0.25 1979 1986 0.068 1.00 1978 1986 

Tobacco -4.920 0.00 1988 1992 -1.380 0.84 1988 1992 

Rubber -0.741 1.00 1924 1928 -1.585 0.71 1924 1949 

Timber -6.010 0.00 1979 1986 -2.219 0.30 1979 1986 

Copper -5.786 0.00 1994 2000 -0.915 1.00 1987 1995 

Aluminium -3.307 0.37 1987 1991 -2.632 0.13 1917 1987 

Tin -3.978 0.10 1985 1989 -1.407 0.83 1985 1989 

Silver -5.470 0.00 1977 1980 0.730 1.00 1978 1980 

Lead -3.532 0.25 1978 1982 0.659 1.00 1978 1981 

Zinc -4.955 0.00 1988 2000 -0.265 1.00 1987 1990 

# of rejections 8       4       

# of factors 5       5       

Breaks Dummy    Dummy    

Factors PANIC    PANIC    
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CHAPTER 2: THE PREBISCH-SINGER HYPOTHESIS WITH COMOVEMENTS 

AND STRUCTURAL CHANGES 

 

2.1 Introduction 

Income inequality and sluggish growth in developing economies have long been primary 

concerns among development economists and policymakers. A great deal of resources and a vast 

amount of research has been dedicated to identifying the root causes that mire some countries in 

the “developing” category while others flourish and grow. One possible explanation for the 

persistent inequality observed across countries lies in the very structural framework of the global 

market, as first hypothesized by Prebisch (1950) and Singer (1950). They noted that the prices of 

primary commodities relative to manufactured goods tend to decline steadily over the long run. 

This conjecture is known as the “Prebisch-Singer (PS)” hypothesis. Because developing countries 

tend to rely heavily on the production and export of primary commodities, the plausibility of the 

PS hypothesis has serious implications for developing economies.   

In particular, primary commodities tend to have a relatively low price elasticity of 

demand, compared to manufactured goods; as such, a decrease in the price of primary 

commodities leads to a relatively smaller increase in quantity demanded (and, hence, lower 

revenue) than a similar decrease in the price of manufactured goods. In addition, primary 

commodities tend to have a lower income elasticity of demand than manufactured goods; as 

income increases, the change in the demand for primary commodities is relatively lower than for 

manufactured goods. Thus, the heavy reliance of developing economies on the export of primary 
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commodities, while developed economies tend to concentrate on manufactured goods, results in a 

disproportionately negative effect on the terms of trade for developing economies when the 

relative price of primary commodities declines. This, in turn, can lead to greater income 

inequality and lack of growth. Thus, the issue regarding the terms of trade between primary 

commodities and manufactured goods is an important one, given the inevitable decrease in 

relative prices of primary commodities over time that is proposed by the PS hypothesis. Despite 

this, empirical evidence on the validity of the hypothesis is mixed. 

Earlier work on the PS hypothesis focused on determining the unit root properties and 

structural breaks inherent in relative commodity prices and whether or not a declining trend is 

exhibited (see Grilli and Yang, 1988; Ardeni and Wright, 1992; Cuddington, 1992, Leon and 

Soto, 1997; Lutz, 1999; Bunzel and Vogelsang, 2005; Kellard and Wohar, 2006; Zanias, 2005; 

Ghoshray, 2011; Balagtas and Holt, 2009; Harvey et al. 2010, among others). However, a crucial 

component to consider when assessing the PS hypothesis is the common comovements in 

relative commodity prices. Pindyck and Rotemberg (1990) first provided evidence of excessive 

common comovements among commodity prices, with subsequent work by Deaton (1999), 

Cashin et al. (2002), Cuddington and Jerret (2008), Byrne et al. (2013), Chen et al. (2014), West 

and Wong (2014), Chiaie et al. (2018), and Alquist et al. (2020) providing further evidence of 

comovements. Indeed, Chiaie et al. (2018) note that the idea of commonalities among 

commodity prices is counterintuitive, and they posit that these series should be uncorrelated with 

each other.  Nonetheless, they find that there are, in fact, significant comovements and 

correlations among commodity prices. 

Common comovements can also be found for relative commodity prices, as we confirm 

below. We understand, however, that these comovements have not been utilized much in 
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analyzing the time series behavior of commodity prices, and more so for relative commodity 

prices, which serves as the basis underlying the PS hypothesis. As such, failure to control for 

cross-correlations can lead to improper inferences in panel data models that result in biased OLS 

and panel estimators.  Similarly, one can expect that unit root tests and the estimation of a trend 

function based on those estimators can be adversely affected.12 As a result, it follows that 

improper inferences can result when analyzing the properties of relative commodity prices and, 

subsequently, the validity of the PS hypothesis; this is the main motivation driving our analysis. 

The comovements in relative commodity prices imply the presence of similar shocks and 

unobserved components that are ultimately incorporated into the model’s error term. The 

existence of idiosyncratic pairwise dependence in the disturbances, with no particular pattern of 

the common components, can lead to cross-correlations among the error terms. Thus, when 

examining the validity of the PS hypothesis, it seems imperative that one should control for such 

cross-correlations.  

The goal of this study is to examine the PS hypothesis while controlling for the effects of 

cross-correlations and common comovements in relative commodity prices using dynamic factor 

models (DFM) with time-varying coefficients and stochastic volatilities alongside principal 

components (PC) analysis for comparison purposes. We find that relative commodity prices are 

characterized by a collection of common factors that result in significant comovements among 

these series, as found in the literature. Next, we examine whether or not relative commodity 

prices are non-stationary. This issue has received a great deal of attention in the literature as 

previously noted, since such investigations have important implications for the nature of 

 

12  Failure to properly control for commonalities and correlations can lead to biased and inconsistent estimators so 

that inference based on unit root tests can be misleading. See, for example, Moon and Perron (2004), Bai and Ng 

(2004), Pesaran (2007), and Pesaran, Smith and Yamagata (2013) and Nazloiglu et al. (2020). 
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commodity markets. In this study, we adopt an approach that has not been considered in the 

existing literature. In particular, we incorporate common factors when examining the issue of 

non-stationarity. For this, we utilize the information on the common and group factors estimated 

from the DFM through the use of Residual Augmented Least Squares (RALS) procedures 

employed by Im and Schmidt (2008), Im et al. (2014), and Meng et al. (2014) in recognizing the 

non-normality of the errors.13 

In addition to controlling for common factors, we also allow for structural changes in 

relative commodity prices by using the Fourier function initially proposed by Gallant (1981), and 

utilized by Enders and Lee (2012a,b) to test for non-stationarity is deployed.14  Though we apply 

the Enders and Lee (2012b) procedure, our analysis differs in that we account for the effects of 

common factors. We use first-differenced variables in the trend regression if relative commodity 

prices are non-stationary. If the price series are found to be stationary, we use the levels of the 

data. We find strong evidence of stationarity when adopting our comprehensive approach that 

accounts for all major factors that include common factors, structural breaks, and non-normal 

errors. 

Finally, we construct a model where relative commodity prices are regressed on a trend 

variable to determine if the coefficient on the trend variable is significantly negative, as 

suggested by the PS hypothesis. The departure from previous studies lies in two important 

aspects: (1) the effects of the comovements of relative commodity prices in evaluating the trend 

of each relative commodity price is incorporated in the analysis, and (2) the Fourier function is 

 

13 The information in the non-normal error distribution can be utilized as stationary covariates to achieve a more 

efficient estimator, as advocated by Hansen (1995). 

14 Winkelried (2018) adopts these Fourier functions to model breaks and allow for non-linearities in commodity 

prices. 
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used to evaluate the nonlinear trend of relative commodity prices. Given the frequent fluctuations 

and structural changes observed in the data, it is difficult to gauge whether commodity prices 

exhibit negative or positive trends. Obviously, multiple breaks have occurred in each series over 

the time horizon under consideration.15 As such, the Fourier function is used as a practical way 

of capturing and smoothing out multiple breaks. As compared to the traditional dummy variable 

approach, the Fourier function eliminates the need to estimate both the number and location of 

structural breaks, which differs from Arezki et al. (2014), who allows for multiple endogenous 

breaks based on dummy variables in their examination of the PS hypothesis. In addition, the 

estimated nonlinear trend function provides the desired information when assessing the sign on 

the coefficient in the trend regression.  We find the common trend and the estimated common 

factor show a significant negative trend in the sample spanning from 1900 to 2018 in lending 

support for the PS hypothesis. When examining individual series, we find that a negative trend is 

observed for 12 out of 24 relative commodity prices. A positive trend is found for only six series, 

while the remaining relative commodity prices show no clear pattern. 

  The remainder of this study is organized as follows. The next section describes the data 

and addresses the estimation of comovements among relative commodity prices. Section 3 

provides the results on the stationarity of relative commodity prices. In Section 4, we discuss our 

empirical analysis of the PS hypothesis by estimating the nonlinear trend regression.  Concluding 

remarks are given in Section 5. Appendix of this chapter is given in Appendix 2. 

 

 

 

15 Yamada and Yoon (2014) and Winkelried (2016) utilize piecewise linear trends to better understand the cycles in 

primary commodity prices. 
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2.2 Data and Estimation of Comovements of Relative Commodity Prices  

In our analysis, we use a century-long data set of the prices for 24 internationally traded 

commodities: aluminum, banana, beef, cocoa, coffee, copper, cotton, hides, jute, lamb, lead, 

maize, palm oil, rice, rubber, silver, sugar, tea, timber, tin, tobacco, wheat, wool, and zinc. We 

use the latest data from Francois and Geronimi (2019) which includes data up to 2018 available 

at the Center for Studies on Globalization, Conflicts, Territories, and Vulnerabilities 

(CEMOTEV).16 We deflate these nominal prices by the manufacturers unit value index (MUV) 

to derive an estimate of the relative prices, 𝑦𝑖𝑡 =
𝑛𝑜𝑚𝑖𝑛𝑎𝑙 𝑝𝑟𝑖𝑐𝑒𝑖𝑡

𝑀𝑈𝑉𝑡
. Technically, this version of 

relative commodity prices is the same as that used by Kellard and Wohar (2006), Balagtas and 

Holt (2009), Ghoshray (2011), Ghoshray et al. (2014), and Meng et al. (2017). Summary 

statistics are provided in Appendix Table A1.17 

 
16 The nominal data set is indexed to their 1977-79 averages as the GY data and is recorded as “indexgy” in “GYCPI 

update to 2018” available at http://www.cemotev.uvsq.fr/base-de-donnees/documents-matieres-premieres--

454801.kjsp?RH=1575020226372. 

17 Grilli and Yang (GY, 1988) collected nominal commodity prices for these primary commodities from 1900 to 

1986, indexed to their 1977–79 averages. They developed several  commodity price indices and included the United 

Nations Manufactures Unit Value Index (MUV) in the same data set. Pfaffenzeller et al. (2007) updated the GY 

series to include information through 2007, and provided guidance on how to perform this update. They once again 

updated the GY data to 2013. Geronimi et al. (2017) then updated the GY series to 2016. 

http://www.cemotev.uvsq.fr/base-de-donnees/documents-matieres-premieres--454801.kjsp?RH=1575020226372
http://www.cemotev.uvsq.fr/base-de-donnees/documents-matieres-premieres--454801.kjsp?RH=1575020226372
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Figure 1a. Plots of Relative Commodity Prices (in levels)

 

 

Figure 1b. Plots of Relative Commodity Prices (in first differences)
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The commodities in our data set account for over 75% of export values of all non-fuel 

commodities, 50% of all food and beverages, and 73% of metal products exported by developing 

countries, according to the latest available World Bank data. It appears that there have been 

several major structural breaks in the commodity price series over the period under investigation. 

Figure 1a shows that most of these series exhibit four periods of noticeable fluctuations. The first 

two periods coincide with the first two world wars. The first one is around the 1910s-early 1920s 

and second one is after 1945. The other two periods coincide with two historical episodes of 

global economic events. Starting around 1972, one coincides with the OPEC oil price shock in 

the early 1970s. The other begins in 2007, which coincides with the recent global financial crisis. 

These four periods are also visible in Figure 1b when displaying the series in first differences. As 

suggested by Radetzki (2006), Radetzki et al. (2008), Cuddington and Jerrett (2008), Erten and 

Ocampo (2013), and Jacks (2013), commodity prices are prone to super-cycles associated with 

unexpected demand shocks whereby the supply response is much slower due to the time required 

to adjust supply capacity which results in price increases. In general, such super-cycles coincide 

with periods of rapid industrialization in the global economy.  In addition, Frankel (2008), Calvo 

(2008), and Bryne et al. (2013) note the role of real interest rates and uncertainty as key factors 

underlying commodity price movements in general. In the case of the upward trend in 

commodity prices observed in the 2000s, Frankel (2008), and Byrne et al. (2013) suggest an 

accommodating monetary policy stance that supported relatively low-interest rates contributed to 

the increase in commodity prices. (2008), Arezki et al. (2014), Buyuksahin et al. (2016), and 

Winkelried (2016) argue that global demand and supply shocks also factored into the upward 

trend observed in commodity prices. The economic growth in several large emerging economies 

coupled with the shift by a number of countries toward biofuels through tax incentives and 
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subsidies added to the demand pressures on commodities.  Moreover, the financialization of 

commodity markets through both portfolio diversification strategies and speculative behavior in 

the commodity futures market increased demand pressures as well. With respect to the supply of 

commodities, the occurrence of weather shocks (episodes of drought) across a number of 

countries, the depletion of commodity stocks, and lower crop yields due to lower levels of 

investment in agricultural production over time contributed to the slower supply response to 

demand pressures; hence the upward trend observed in relative commodity prices.   

To begin our analysis, we estimate the comovements of relative commodity prices and 

examine their significance. We employ two methods for this purpose, principal components (PC) 

analysis, and dynamic factor models.  Given its popularity in estimating comovements among 

economic variables, PC analysis serves as a preliminary step, with details of this procedure given 

in Section 1 of Appendix B. The number of factors from our PC analysis is estimated as five, 

based on the information criterion of Bai and Ng (2002), IC2. The relative contributions of the 

estimated principal components (PC) are given as 0.817, 0.117, 0.024, 0.011, and 0.009, 

respectively. Thus, the first PC dominates in explaining 81.7 percent of the variation of relative 

commodity prices. This value is rather high, especially compared to the results from the DFM to 

follow. In addition, the principal components are assumed to be constant, while the effects of 

common factors can be time-varying. Plots of the five estimated factors from PC analysis are 

presented in Figure A.1 in Appendix A.  

Our second approach to estimating the common factors that drive the comovements of 

relative commodity prices is based on dynamic factor models (DFM) with time-varying 

coefficients and stochastic volatilities. The DFM method offers several advantages. In particular, 

the DFM approach allows one to decompose relative commodity prices into common factors, 
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group factors, and idiosyncratic components. To evaluate the group factors, we arrange the 

relative commodity prices into three groups: food, non-food, and metals. Then, we show the 

existence of comovements of relative commodity prices and examine how these factors evolve. 

In particular, we can evaluate the relative contributions of each factor to the variations in relative 

commodity prices. To save space, we explain the details of the models in Section 2 of Appendix 

B. To construct our parameters and the factors, we use the Bayesian Markov Chain Monte Carlo 

estimation technique, which is designed to perform successive draws from the joint posterior 

distribution of factors and parameters.18 

Figure 2. Plots of the Estimated Common and Group Factors from the DFM 

(A) Common Factor 

 

(B) Group Factor: Food 

 

 

18 In our estimations, we set the number of iterations to 11,000, including the initial 1,000 burnouts. Following the 

works of Chib and Greenberg (1996), Kim and Nelson (1999), and Otrok and Whiteman (1998), we use the “Gibbs 

sampler” procedure to sample from the full set of conditional distributions. Interested readers can consult the 

Appendix section of Bhatt et al. (2017) to obtain more insight into this procedure. We are grateful to the authors of 

this study for sharing their Matlab code for the key procedures of the MCMC estimation.  
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(C) Group Factor: Non-Food

 

(D) Group Factor: Metals                    

 

We present the plot of the estimated common factor from the DFM in Figure 2A, which 

shows that the common factor reflects the four major peaks exhibited in the data. The common 

factor increases from 1914 to 1917, during World War I, and after World War II, from 1945 to 

1951. The peak around 1973 reflects the impact of the OPEC oil crisis. The declining trend was 

reversed in the early 2000s due in part to the added demand pressures on commodities alluded to 

earlier with respect to the growth in emerging markets, the increased use of biofuels, lower 

interest rates, and the financialization of commodity markets coupled with a slower supply 

response attributed to global weather shocks, lower crop yields, and the depletion of commodity 

stocks. Figures 2B-2D show the estimated group factors for food, non-food, and metals, 

respectively.  
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Figure 3. Relative Contributions of the Factors to the Variance in Relative  

Commodity Prices 

(A) Food
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(B) Non-Food

 

 

(C) Metals 
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To understand how significantly the common and group factors explain relative prices, 

we extract the common factors and their contributions using the DFM. This method can capture 

the time-varying importance of each factor, which is not available from PC analysis. Figures 3A-

C exhibit the relative contributions of each factor. Blue, orange, and yellow areas indicate the 

relative contributions of the common, group, and idiosyncratic factors, respectively. We observe 

noticeable time variations and heterogeneity in the relative contributions of the three factors. In 

five of the 24 series, the common factor dominates while the group factor is consistently the 

weakest contributor. In 19 cases, the idiosyncratic factor contributes the most. Beef, lamb, 

banana, and aluminum are almost unaffected by the common factor throughout the period. In 

Table 1, we summarize the average percentage contribution of the factors to the variations over 

the entire period and two sub-periods. We observe that the common, group, and idiosyncratic 

factors contribute on an average 28.0%, 18.7%, and 53.3%, respectively. This summary is in 

sharp contrast to the results from the PC analysis. Thus, it is likely that the PC analysis over-

estimates the significance of the common movements. Still, the common and group factors 

combined account for 46.7%, which is clear evidence of the existence of comovements in the 

relative commodity prices.  

Overall, we find evidence of significant comovements and their effects on relative 

commodity prices. In the next sections, we exploit these estimated comovements to examine the 

persistence and trend properties regarding the PS hypothesis. 

2.3 Stationarity of Relative Prices  

Before estimating the “trend regression,” which is used to test the empirical validity of 

the Prebisch-Singer (PS) hypothesis, we first must address the question of whether or not relative 

commodity prices are stationary. The answer to this question has important implications for how 
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we conduct our subsequent analysis. Many previous studies have examined the stationarity or 

non-stationarity of raw commodity prices, and a few studies have looked into the same issue with 

regard to relative commodity prices. Among those studies, several have found that these series 

are nonstationary.19 But this finding is difficult to reconcile with real-world, observed behavior. 

One strand of the literature recognizes that finding of non-stationarity could be due to the failure 

to capture structural changes when testing for a unit root. In light of this, some studies introduced 

structural breaks when testing for the stationarity of relative commodity prices. Still, these 

studies exhibit mixed results depending on the type of approach employed and the method for 

incorporating breaks.20 Another strand of the literature explores the notion of smooth transitions 

and non-linearity. For example, Balagtas and Holt (2009) and Kim et al. (2003) allow nonlinear 

alternatives to a secular deterioration in relative commodity prices.  However, to our knowledge, 

no previous research on this topic has tested for stationarity of relative commodity prices while 

also accounting for the effects of common comovements among these series. Our goal is to 

combine these elements while also accounting for cross-correlations in the series. This could 

have quite a meaningful impact on the test results.  

To account for common factors when testing whether or not relative commodity prices 

are stationary, we adopt the Residual Augmented Least Squares (RALS) method based on the 

unit root tests of Im et al. (2014) and Meng et al. (2014). The RALS procedure makes use of the 

 

19 See Cuddington et al. (1989), Cuddington (1992), and Newbold et al. (2005) among others. 

20 For example, Zanias (2005) and Wang and Tomek (2007) note that commodity prices are viewed as trend-

stationary when structural changes are allowed. Kellard and Wohar (2006) find that 14 out of 24 relative commodity 

prices are characterized as trend-stationary with one or two breaks; see also Leon and Soto (1997). On the other 

hand, Ghoshray (2011) notes a possible spurious rejection problem with the endogenous unit root tests employed in 

these studies, and shows opposing results when adopting the LM endogenous break test of Lee and Strazicich 

(2003). The reason for this confounding result, as noted by Ghoshray, is that this LM test allows for two possible 

structural breaks and is free of the usual spurious rejection problem, unlike the unit root tests employed in previous 

analyses. 
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information contained in the errors of the testing equation when those errors exhibit non-

normality. We employ the standard methodology of the RALS procedure, but instead of 

augmenting our testing equation with only higher powers of the residuals, we also incorportate 

information on the common factors obtained from estimation of estimation of the DFM. In 

particular, consider the following testing equation:  

                                                               (1) 

where  is the transformed detrended series from the LM testing procedure; 𝑤�̂� =

 [𝑒𝑡
2̂ −  𝑚2̂, 𝑒𝑡

3̂ −  𝑚3̂ − 3𝑚2̂𝑒�̂� ] 1 2
ˆ ˆ[ , ] 't tw w denotes the augmented terms capturing non-normal 

errors using the residuals 
t̂e  obtained from the regression of (1) without 𝑤�̂�; ; 

and Zt can incorporate exogenous variables. For example, Meng et al. (2017) specified Zt so as to 

include dummy variables to allow for level and trend breaks. However, in this study, we use a 

Fourier function capture breaks, and these breaks allow for smooth nonlinear transitions (Enders 

and Lee, 2012a,b): 
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= =

   
= +   

   
         (2) 

Smooth breaks generally are quite consistent with the behavior of commodity prices, which often 

are characterized by slow-moving periods of boom and bust that could be described as non-linear 

breaks. Indeed, Winkelried (2018) utilized the Fourier unit root tests of Enders and Lee 

(2012a,b) in testing whether or not commodity prices are stationary, but without controlling for 

common factors. However, our approach combines both the Fourier function to capture breaks 

and the inclusion of common factors in the RALS procedure when testing for unit roots, resulting 

in greater efficiency of our estimator. That is, we add to 𝑤�̂� in equation (1) the estimated 
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common and group factors ( ˆˆ ,t tF G ), which are estimated from the DFM. Then, 𝑤�̂� is replaced 

with 

 
1 2

ˆˆˆ ˆ[ , , , ]'t t t t tw w w F G= .   (3) 

If the estimated factors are nonstationary, we use ( ˆˆ ,t tF G  ) instead of ( ˆˆ ,t tF G ).21 In this 

specification, the additional factor terms are uncorrelated with the previous detrended level series 

 since they are given exogenously from the comovements of all commodity prices in the next 

period. Still, they can be contemporaneously correlated with the error term 𝑢𝑡 as relative 

commodity prices drive the factors. The estimated factor terms reflecting comovements are 

correlated with the change of each relative commodity price, but they are exogenous to the 

lagged level of each price. Thus, they satisfy the requirements as stationary covariates for the 

RALS procedure. Hence, the use of the common and group factors estimated from the DFM as 

stationary covariates can be justified.22 We denote the corresponding t-statistic for  in (1) 

as .  It can be shown that the asymptotic distribution of  is given as follows. 

                                                                                    (4) 

where  reflects the relative ratio of the variances of two error terms. One is the error term 𝑢𝑡 in 

(1), and the other is defined as 't t te w u= + . 

 

21 In Appendix Table 1, we report the results of stationarity of the estimated global and group factors, using a battery 

of unit root tests that allow for structural breaks with dummy variables and a smooth Fourier function. The overall 

results show that they are mostly stationary, while non-stationarity is found in only a few cases. To be consistent, we 

employ the level of these estimated factors rather than their first differences in the RALS procedures.   

22 Li and Lee (2015) addresses the issue of the required conditions of the RALS procedure using non-normal errors. 

Similarly, the estimated common factors can be considered as stationary covariates. 
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 Following this framework, we have examined the stationarity of 24 relative commodity 

prices. For this, we employ two different RALS based tests: one using 1 2
ˆ ˆ ˆ[ , ]'t t tw w w= , for which 

we utilize only non-normal errors, which is referred to as RALS1, and the other using 

1 2
ˆˆˆ ˆ[ , , , ]'t t t t tw w w F G= , for which we utilize both non-normal errors and the estimated factors, 

and which is referred to as RALS2. We use the Fourier LM unit root tests with the RALS 

procedure (F_LM_RALS1 and F_LM_RALS2) as the main results. To determine if the results 

are robust under different tests and break types, we also consider the ADF type tests with a 

Fourier function (F_ADF_RALS1 and F_ADF_RALS2), and the LM tests with two trend-shifts 

based on dummy variables (TR2_RALS1 and TR2_RALS2). We then compare these results with 

the tests that do not utilize the RALS procedures (Fourier_LM, Fourier_ADF, and TR2). Our 

findings are presented in Table 2.   

 Not surprisingly, the tests that use both non-normal errors and factor terms as covariates 

tend to reject unit root null hypotheses more often than the other tests. The number of rejections 

of the unit root null hypothesis is 18 and 20 out of 24 relative commodity prices from the Fourier 

LM tests with RALS1 and RALS2, respectively; see the results from F_LM_RALS1 and 

F_LM_RALS2 in Table 2. On the other hand, the Fourier ADF, Fourier LM tests, and LM test 

with trend shifts with no covariates provide much fewer rejections; the number of rejections is 

nine, nine, and six from these tests, respectively.  Thus, we infer that the unit root tests using the 

DFM factors and non-normal errors as covariates are more powerful than the existing unit root 

tests. This is due to the fact that, when using the RALS procedure, the test utilizes the additional 

information contained in non-normal errors and common comovements and are, therefore, based 

on more efficient estimators. The corresponding Fourier ADF and LM tests with two trend-shifts 

do not allow for non-normal errors and comovements, and they yield fewer rejections of the null 
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hypothesis. The new RALS-factor procedure is a useful way to utilize the estimated factors to 

capture cross-correlations. Hence, we control for the effects of structural changes, non-normal 

errors, and cross-correlations in one equation,23 and we find stationarity in most of the relative 

commodity prices that we examine. In the next section, we continue our analysis by examining 

the trend function of relative commodity prices while continuing to employ the RALS procedure.  

2.4 Analysis of the Trend Regression and the PS Hypothesis  

We now turn our attention to the empirical validity of the PS hypothesis regarding the 

trend of relative commodity prices. The PS hypothesis implies that, in the long run, there should 

be a declining trend in primary commodity prices relative to the prices of manufactured goods. 

To test this hypothesis, we construct a model where relative commodity prices are regressed on a 

trend function, and then test the coefficient on the trend. The PS hypothesis is supported if the 

coefficient on the trend is significant and negative.  

One point of departure in our analysis, compared with previous studies, is that we 

account for cross-correlations in this setting. That is, we test for the sign and significance of the 

trend coefficient while allowing for a factor structure to capture common comovements in 

relative commodity prices. An important issue to consider in this approach is whether it is best to 

specify a linear or nonlinear trend function. Given the abundance of evidence pointing to the 

existence of structural changes in the series under investigation in this analysis, it is cler that a 

nonlinear form is needed. One could accomplish this through the use of a linear functional form 

with dummy variables added to capture these structural breaks, and many researchers have used 

this approach. But this method poses a challenge. In light of the considerable fluctuations that 

 

23 One limitation is that the factors and structural changes are not jointly determined, but this feature is inevitable 

when we attempt to utilize the information from the estimated factors of the DFM.  
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exist in each relative commodity price, the dummy variable approach would require estimation 

of multiple breakpoints, and, with so many change points, it would be difficult to interpret the 

sign on the trend function. We depart from the existing literature on this issue in that we employ 

a Fourier function to model the trend. This offers the advantage that we can capture smooth 

approximations of multiple changes that could be interpreted as a nonlinear trend function, which 

easily allows us to measure positive and negative trends of each series.  

Another issue to consider is whether to use the levels or first differences of relative 

commodity prices when modeling the trend function. One only need examine the results of unit 

root test to address this issue. Our tests, which allow for both cross-correlations and multiple 

nonlinear breaks, produce more rejections of the unit root null hypothesis than traditional tests. 

Thus, most of the relative commodity prices of this analysis can be considered to be stationary 

and, hence, we use the levels of relative commodity prices when modeling the trend function. 

Before examining the trend function for each individual series, we first estimate a global 

common trend, both linear and nonlinear, using the panel of relative commodity prices. To allow 

for a nonlinear trend, we use a Fourier series approximation, which conveniently allows us to 

capture multiple structural changes. We use the following panel data model specification to 

obtain a common nonlinear trend with and without the RALS terms discussed previously. 
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where j = 1, …, m, are the frequencies of the trigonometric terms, ija  and ijb  are amplitude 

parameters; 1 2 3
ˆ ˆ ˆ( , , ) 'it it it tw w w w=  with 

2 3

1 2 2 3 2
ˆ ˆ ˆ ˆ ˆ ˆ ˆ ˆ( , ) ( , 3 ) 'it it it i it i i itw w e m e m m e= − − − and 3

ˆˆˆ [ , ]'t t tw F G= ; 
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and where we utilize the residuals ˆ
ite  obtained from the regression of (5a), using it it ite w u= + . 

Here, 1 2
ˆ ˆ( , ) 'it itw w denotes the usual augmented RALS terms capturing non-normal errors using 

1

1
ˆ ˆ

T j

ij itt
m T e−

=
=  , and we add the new term 3

ˆ
tw , using the common and group factors ( ˆˆ ,t tF G ) 

estimated from the DFM. The value of m is the number of sine and cosine cycles (i.e., the 

frequency) over the sample period. We use the Bayesian Information Criterion (BIC) to select 

the most appropriate number of cumulative frequencies m, up to a maximum of m = 3.24  

Similarly, we allow for the RALS terms in the common linear trend model.   

We first examine the restuls of estimating a common linear trend in the pooled 

regression. The estimated pooled linear trend function without the RALS terms is: 

ˆ 1.45 0.006 ity t= −  

     (43.9)  (-12.95) 

where t-statistics appear in parentheses. When examining the common linear trend in a panel 

setting, the negative trend is clearly evident and is highly significant. When we augment the 

model with RALS terms, we observe that the negative trend is even more pronounced: 

1 2
ˆ 3.022 0.004 0.161 0.014 0.034 0.002it t t t ty t w w F G= − + − + −  

      (239.7)  (‒30.39)   (237.3)    (‒159.0)       (7.52)     (‒0.708)  

 

The slope coefficient is still negative, and its t-statistic becomes larger in absolute terms, which 

implies that the RALS procedure yields more efficient estimates. The estimated linear trend is 

 

24 Enders and Lee (2012a) show that a small value of n (less than or equal to 3) typically works well in econometric 

applications. AIC is computed as -2 log(likelihood)/T + 2*(# regressors)/T. We select the model with the smallest 

value of AIC. 
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depicted in Figure 4. This overall trend reveals solid evidence supporting the PS hypothesis 

when all prices are combined for a common linear trend. 

Figure 4. Estimated Linear and Fourier Trends in the Common Factor 

Note: The orange graph denotes the time means of relative commodity prices. The blue line depicts the 

estimated linear trend and the green curve shows the estimated Fourier trend. 

 We next examine the nonlinear trend. The estimated common Fourier functions with and 

without the RALS terms are given as25   

ˆ 2.74 0.00 0.20sin(2 / ) 0.03cos(4 / ) .. 0.05sin(6 / ) 0.03cos(6 / )ity t t T t T t T t T   = + + + + + +  

       (148.1) (1.76)      (17.3)                     (5.36)                            (9.17)                      (6.13) 

 

       1 2 0.161 0.01 0.01 0.001t t t tw w F G+ − + +  

           (233.1)     (-159.2)       (2.46)     (-1.06) 

 

ˆ 1.15 0.001 0.21sin(2 / ) 0.08cos(4 / ) .. 0.05sin(6 / ) 0.03cos(6 / )ity t t T t T t T t T   = − + + + + +  

       (16.5)  (-1.03)      (4.23)                     (3.35)                             (2.44)                      (1.34) 

 

25 More details of the regression results are presented in the Appendix Table A2. The t-statistics on the estimated 

trend coefficients are even larger in absolute values in almost all cases, signifying that the RALS procedure yields 

more efficient estimators. 
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Again, we observe that the RALS-based estimator results in larger t-statistics (in absolute 

terms) and is more efficient. In both cases, the linear and nonlinear trends are absorbed in the 

Fourier function. 

The plot of the common nonlinear trend is depicted in Figure 4, along with the plot of 

time means of the relative commodity prices and the estimated common linear function. Indeed, 

the long swing of the estimated Fourier function shows a clear pattern of a downward slope for a 

long period. It reaches a maximum in 1910 and continues to decline. The trend reaches its 

minimum in 1999, after which the trend reverses to an increasing slope. The PS hypothesis 

implies a negative trend of the relative commodity prices, and the long-run trend approximated 

by the common Fourier function shows support for this proposition, especially between the 

period from 1910 and 1999. Thus, from the common nonlinear trend function, we find that the 

PS hypothesis is supported for about 85% of the time period.   

 Next, we estimate the nonlinear trend function for each individual series. For this 

analysis, we again utilize the common and group factors estimated from the DFM through the 

RALS procedures as an efficient estimator. That is, we augment the regression with both the 

additional information that exists in the non-normal errors of the series, when such information 

exists, and the comovements in relative commodity prices. As noted previously, we use the level 

of the variables of the estimated common and group factors. 

To estimate the nonlinear trend function with the factor terms, we consider the following 

regressions for each series.  
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where 
itw  is similarly defined as in equations (5a) and (5b), and we now let it i it ite w u= + . These 

equations are similar to (5a) and (5b), but allow for heterogeneous parameters for cross-sectional 

units. Thus, we control the effects of non-normal errors and cross-correlations in estimating the 

nonlinear trend function. We estimate (6a) and (6b) with and without the RALS procedure for 

each relative commodity price, as well as the linear trend function with and without the RALS 

procedure. As observed above in the case for common trends, the RALS-based estimators are 

found to be more efficient. For the cases in which we use a linear trend model and a model with 

a nonlinear trend captured by a Fourier function, the BIC statistic selects the models that were 

estimated using the RALS procedure with both non-normal errors and estimated factors ˆˆ( , )t tF G  

for all 24 relative commodity prices.26  

Next, we use the fitted nonlinear trend function in the regression to identify the range of 

positive and negative trends of each of the relative commodity prices. Although each series can 

exhibit frequent fluctuations, the smoothed nonlinear trend using the Fourier function provides 

the turning points via the local maxima and local minima for each relative commodity price. 

Accordingly, we generate the plot of the nonlinear trend terms for each cross-sectional unit, 

which is given in Figure 5. This plot also shows the actual value of the series and the estimated 

linear trend. 

Table 3 shows the optimal number of Fourier frequencies and the number of local 

maxima and minima in the fitted Fourier function for each series. We notice a few turning points 

 

26 The details of the estimation results are not reported here, but they are available upon request. They will be also 

available as the online Appendix, C1. 
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in the Fourier breaks in each series. On average, each series shows two peaks and two troughs in 

its nonlinear trend function. Timber, sugar, and palm oil show a fairly monotonic trend without 

obvious peaks or troughs.  On the other hand, lamb, beef, hides, rubber, aluminum, tin, and zinc 

have several breaks. For each series, we counted the number of years between the local 

maximum and minimum and determined whether the upward or downward trend of each 

segment is negative or positive, along with the significance of each local trend. For this, we have 

measured the change in each segment and divided it by the standard deviation of the series. If the 

difference between the local maximum and minimum values of each segment is larger than 1.645 

in its absolute value, then we consider the trend to be significant. If not, we consider the segment 

to be insignificant.27   

Table 4 shows the computed relative measures of the prevalence of negative, 

insignificant, and positive trends. It also reports the respective percentages of negative, 

insignificant, and positive trends. In Figure 5, we present the plots in three categories of 

seemingly negative trends, seemingly insignificant trends, and seemingly positive trends. We 

observe that the number of series with a significant negative trend is 12 out of the 24 relative 

commodity prices. The number of series with a significant positive trend is six, and the 

remaining six series show no clear trend. Thus, 18 out of 24 relative commodity prices exhibit a 

non-positive trend. Conversely, we can say that 12 out of 24 series exhibit a non-negative trend. 

Similarly, the percentage of years in which a negative trend is present is 51.2%, while the 

percentage with a non-positive trend is 79.5%. Thus, unlike the results on the common nonlinear 

 

27 The details of counting the prevalence of negative, insignificant, and positive trends for each series are omitted 

here. They will be available as the online Appendix Table C2. 
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trend above, the results from examining individual relative commodity prices are mixed, while 

there is more significant evidence of a negative trend or a non-positive trend.  

 

Figure 5. Linear and Fourier Trend of Relative Commodity Prices 

(A) Seemingly Negative Trend 
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(B) Seemingly Insignificant Trend

 

(C) Seemingly Positive Trend 

 

Jacks and Stuermer (2016) attribute such price movements to commodity supply and 

demand shocks, and inventory shocks. This is particularly true of agricultural, metal and “soft” 

commodities, such as the 12 commodities displayed in panel A of Figure 5, which display long-

run negative trends. Erten and Ocampo (2012) further confirm this notion, indicating that, during 

the period from the late 1800s through 2000, there were “super cycles” in commodity prices, 

driven by demand shocks, that led to a general downward trend in the group of agricultural and 

metal commodities of panel A of Table 5. Take, for example, the case of rubber. Frank and 

Musacchio (2008) note that supply shocks that limited production from the Amazon region of 
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Brazil kept rubber prices high prior to 1910. Then, in about 1930, due to lower cost plantation 

development in Southeast Asia, the price gradually fell and generally exhibited a downward 

trend thereafter—until the early 2000s As another example, Nappi (2013) notes that the sharp 

decline in the relative price of aluminum observed from 1900 to 1957 was due to a decrease in 

the extraction costs alongside the technological improvements and economies of scale in 

production; however, from the 1950s the rising bauxite and energy costs offset the decline in 

production costs. Similarly, Timmer (2009) attributes the declining trend in the prices of rice and 

wheat over approximately the last century to supply-driven factors such as improved storage 

technology and improved agricultural techniques. 

Deverell and Yu (2011) specifically single out base metals, such as silver and tin, as 

examples of commodities that have experienced generally upward sloping trends over the period 

of our analysis. This is confirmed in panel C of Table 5, which shows increasing trends for these 

series. Williamson (2012) attributes such commodity price “booms” to sluggish supply and 

increased scarcity common of non-renewable resources. 

In summary, our results provide evidence supporting the PS hypothesis, while the 

individual relative commodity prices reveal somewhat mixed results. In the plot of the estimated 

common factor of the DFM in Figure 2 and in the plot of the common nonlinear Fourier trend in 

Figure 4, there is clear evidence of a significant downward trend implied by the PS hypothesis. 

However, six out of 24 individual relative commodity prices show a positive trend. 

Interestingly, for most of the series in this analysis (19 of 24), we observe a sharp upward 

trend in many of the individual relative commodity prices beginning in the early 2000s. This can 

be seen in the common nonlinear trend in Figure 4 and also in the graphs of the individual series 

in Figure 5, and is confirmed by extensive research conducted by Credit Suisse (Deverell and 
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Yu, 2011). As noted in Powell (2015) and Erten and Ocampo (2012), this coincides with a period 

of rapid industrial development and urbanization in a number of leading emerging economies 

such as China, India, Brazil and Russia. In particular, China, which is one of the most significant 

emerging market economies, has experienced growth rates near 10% since the early 2000s. As 

noted by Powell (2015) and Deverell and Yu (2011), China has strong demand for virtually evey 

commodity and, since early 2000, it has been known to be a critical player in affecting 

commodity prices. 

2.5 Concluding Remarks 

The Prebisch-Singer (PS) hypothesis of Prebisch (1950) and Singer (1950) implies that 

there should be a declining trend in primary commodity prices relative to the prices of 

manufactured goods in the long run. The validity of this hypothesis has important implications 

for growth and the terms of trade in developing countries since such economies tend to rely 

heavily on primary commodities as a major source of exports. One interesting observation with 

respect to relative commodity prices is the commonalities found therein. Initially, Pindyck and 

Rotemberg (1990) discovered the excessive comovements of commodity prices. This study also 

finds significant evidence of commonalities in relative commodity prices from dynamic factor 

models (DFMs) and principal component (PC) analysis.  

The validity of the PS hypothesis relies on two major results. First, the price of primary 

commodities relative to the price of manufactured goods must be stationary. Second, relative 

commodity prices should exhibit a negative trend in the long run.  Empirical evidence in support 

of these results has been mixed. Indeed, various estimation and testing procedures have been 

employed in the literature. However, we note that previous studies have not taken into account 

commonalities or cross-correlations among relative commodity prices, despite abundant 
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evidence of comovements among them, within a comprehensive framework. As such, this study 

adopts a different approach and accounts for comovements in analyzing the stationarity and trend 

of relative commodity prices through more efficient estimators in the examination of the PS 

hypothesis.  

Unlike previous studies we adopt the RALS procedure to utilize the information of the 

comovements as well as non-normal errors to test the stationarity of relative commodity prices. 

Through the more efficient RALS estimation procedure, the results indicate that most of the 

relative commodity prices are stationary. To examine whether relative commodity prices exhibit 

a negative trend, the RALS procedure is again utilized alongside the Fourier function which can 

capture unknown forms of nonlinear structural changes in providing a smooth approximation of 

fluctuations. Based on the common nonlinear trend from the pooling estimation of the Fourier 

function, we find significant negative linear and nonlinear trends, which supports the PS 

hypothesis. Looking at the individual relative commodity prices, we find that the evidence 

supporting the PS hypothesis is somewhat mixed. Still, we find that 12 out of 24 relative 

commodity prices exhibit negative trends. The case of a positive trend is observed for only six 

relative commodity prices with the remaining six relative commodity prices show an 

insignificant trend. A negative trend is observed for 51.2 percent of the time period 1900 to 

2018. Overall, our findings provide evidence supporting the PS hypothesis based on the long-run 

trend.  
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Table 1. Summary of Relative Contributions of Each Factor to the Variance of Relative 

Commodity Prices 

  

Whole Period 

1901 - 2018 

Sub-Period 1 

1901 - 1972 

Sub-Period 2 

1973-2018 

  Common Group Idiosyn Common Group Idiosyn Common Group Idiosyn 

All 0.280 0.187 0.533 0.290 0.182 0.527 0.263 0.195 0.543 

Food 0.250 0.195 0.555 0.252 0.193 0.555 0.247 0.198 0.554 

Banana 0.058 0.103 0.839 0.068 0.106 0.826 0.043 0.098 0.859 

Beef 0.100 0.339 0.561 0.139 0.431 0.430 0.041 0.199 0.760 

Cocoa 0.247 0.350 0.403 0.248 0.416 0.336 0.246 0.247 0.508 

Coffee 0.199 0.259 0.542 0.223 0.216 0.561 0.162 0.323 0.515 

Lamb 0.114 0.313 0.573 0.135 0.445 0.420 0.082 0.111 0.807 

Maize 0.512 0.114 0.374 0.520 0.062 0.418 0.500 0.198 0.302 

Palmoil 0.502 0.068 0.429 0.445 0.060 0.496 0.594 0.082 0.324 

Rice 0.193 0.194 0.613 0.137 0.127 0.736 0.284 0.302 0.414 

Sugar 0.231 0.041 0.729 0.242 0.036 0.721 0.212 0.048 0.740 

Tea 0.150 0.195 0.655 0.193 0.146 0.661 0.084 0.269 0.647 

Wheat 0.447 0.180 0.373 0.418 0.096 0.486 0.493 0.310 0.197 

Nonfood 0.289 0.138 0.573 0.310 0.133 0.558 0.257 0.146 0.598 

Cotton 0.301 0.076 0.624 0.274 0.068 0.658 0.342 0.087 0.570 

Hides 0.208 0.136 0.656 0.279 0.112 0.610 0.095 0.176 0.730 

Jute 0.167 0.056 0.777 0.225 0.065 0.709 0.078 0.043 0.880 

Rubber 0.335 0.112 0.553 0.193 0.111 0.697 0.564 0.113 0.323 

Timber 0.415 0.140 0.445 0.425 0.097 0.478 0.400 0.207 0.393 

Tobacco 0.172 0.174 0.654 0.241 0.170 0.590 0.071 0.180 0.748 

Wool 0.422 0.274 0.304 0.527 0.307 0.166 0.249 0.220 0.531 

Metals 0.323 0.231 0.446 0.339 0.222 0.439 0.297 0.245 0.458 

Aluminum 0.073 0.281 0.646 0.047 0.214 0.738 0.113 0.388 0.499 

Copper 0.303 0.346 0.351 0.281 0.354 0.365 0.336 0.335 0.329 

Lead 0.406 0.183 0.411 0.507 0.226 0.266 0.249 0.115 0.636 

Silver 0.306 0.162 0.532 0.294 0.229 0.478 0.323 0.068 0.609 

Tin 0.497 0.113 0.389 0.389 0.125 0.485 0.657 0.096 0.247 

Zinc 0.349 0.296 0.355 0.521 0.179 0.300 0.085 0.474 0.440 
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Table 2. Results of Unit Root Tests with Structural Changes and RALS Factors 

  Fourier LM and RALS Fourier ADF and RALS Trend Breaks and RALS 

  F_LM freq lag F_LM_RALS1 F_LM_RALS2 F_ADF freq lag F_ADF_RALS1 F_ADF_RALS2 TR2 TR2_RALS1 TR2_RALS2 Tb1 Tb2 lag 

Aluminum -4.59* 1 7 -4.40* -4.41* -4.02 1 7 -3.88 -4.27* -7.58* -5.92* -5.96* 1918   1923 1 

Banana -3.29 1 2 -3.61* -3.76* -2.99 1 2 -3.27 -3.43 -3.21 -2.51 -2.45 1999   2003 2 

Beef -2.46 3 5 -1.85 -1.83 -4.67* 2 5 -3.03 -3.11 -4.22 -1.94 -2.41 1973   1982 3 

Cocoa -3.02 1 2 -6.03* -7.27* -3.37 2 2 -6.08* -6.09* -4.28 -6.00* -6.29* 1954   1969 2 

Coffee -4.22* 1 0 -5.27* -6.78* -4.21 1 0 -5.24* -6.73* -4.76 -6.50* -7.32* 1950   1987 0 

Copper -1.94 2 8 -2.11 -2.18 -1.79 2 8 -2.03 -1.96 -6.86* -5.57* -5.85* 2004   2007 7 

Cotton -3.11 1 2 -3.16* -5.10* -3.54 2 2 -3.48 -5.06* -2.59 -2.67 -5.30* 1974   1978 8 

Hides -4.58* 1 3 -5.12* -6.37* -4.91* 1 3 -5.48* -6.15* -5.07 -4.83* -4.96* 1950   1952 3 

Jute -3.64 1 4 -2.75 -4.32* -4.27* 2 3 -4.16* -5.28* -3.91 -2.72 -3.55 1953   1986 2 

Lamb -3.32 1 5 -3.12* -3.18* -3.3 1 5 -3.13 -3.16 -3.9 -2.97 -3.24 1995   1998 7 

Lead -3.37 1 0 -3.64* -6.39* -3.72 2 0 -5.03* -6.53* -4.55 -4.79* -6.95* 1980   2007 0 

Maize -5.82* 1 4 -4.57* -7.71* -6.10* 1 0 -5.99* -9.59* -4.37 -4.80* -8.26* 1939   1948 0 

Palmoil -5.33* 1 0 -5.20* -11.20* -5.48* 2 0 -5.97* -11.79* -5.45* -4.90* -7.47* 1982   2007 0 

Rice -4.11* 2 7 -3.08 -4.14* -5.36* 2 7 -4.61* -4.51* -5.70* -5.05* -5.96* 1971   1982 1 

Rubber -3.43 1 0 -4.47* -6.06* -3.26 1 0 -4.38* -5.42* -5.56* -4.35* -4.28* 1918   1920 0 

Silver -3.14 1 2 -5.05* -6.80* -3.12 1 2 -5.01* -6.71* -4.99 -7.08* -6.81* 2002   2005 7 

Sugar -4.17* 1 2 -6.67* -8.75* -3.94 2 2 -6.38* -6.55* -7.64* -11.31* -11.60* 1924   1981 0 

Tea -3.09 1 7 -2.31 -2.35 -3.34 1 7 -2.53 -2.71 -4.17 -4.10* -3.93* 1968   1978 2 

Timber -4.47* 1 3 -4.64* -5.52* -4.42* 1 3 -4.64* -5.79* -5.05 -6.47* -7.93* 1974   1977 0 

Tin -3.1 2 3 -2.41 -4.50* -3.09 3 3 -2.36 -5.75* -4.7 -4.38* -6.16* 2003   2005 0 

Tobacco -3.18 1 4 -3.23* -2.9 -3.07 1 4 -3.22 -3.78 -4.22 -1.95 -2.3 1973   1988 4 

Wheat -1.45 2 6 -3.55* -6.22* -3.99 1 4 -4.14* -9.49* -4.57 -6.17* -7.06* 1975   2007 0 

Wool -5.29* 1 4 -4.51* -8.48* -5.66* 1 4 -4.30* -6.45* -3.7 -3.90* -6.96* 1952   1974 2 

Zinc -3.96 1 2 -5.49* -6.23* -4.30* 2 2 -7.28* -8.03* -5.15 -4.20* -2.90* 2003   2007 2 

# rejections 9     18 20 9     15 18 6 18 18       

Note: F_LM_RALS, F_ADF_RALS, and TR2_RALS tests allow for the RALS procedure. RALS2 tests utilize both non-normal errors and the factor terms estimated from the DFM. 

F_LM, F_ADF, and TR2 denote the Fourier LM, Fourier ADF, and Trend-shifts LM tests; they do not employ the RALS procedure. The columns of “freq” and “lag” report the 

estimated cumulative frequencies and the estimated augmented lags for autocorrelations using the general-to-specific procedure based on the significance of the last AR coefficient. 

The columns “Tb1” and “Tb2” show the estimated break locations of two trend-shifts. 
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Table 3.  Structural Change Points in the Fitted Values (Global Max and Min) 

  Freq Max Value Year Min Value Year # Maxima # Minima 

Aluminum 3 4.645 1901 0.655 2019 2 2 

Banana 3 1.817 2019 0.924 1994 1 1 

Beef 3 1.334 2019 0.147 1901 3 3 

Cocoa 3 0.625 1904 0.182 1930 2 2 

Coffee 2 0.724 1969 0.254 1901 2 2 

Copper 3 2.336 2019 0.737 1992 2 2 

Cotton 3 1.876 1917 0.395 2008 2 2 

Hides 3 1.876 1915 0.636 2009 3 3 

Jute 2 1.692 1962 0.513 1998 2 2 

Lamb 3 1.427 2019 0.145 1914 4 3 

Lead 3 1.483 2019 0.406 1994 2 2 

Maize 2 1.944 1921 0.632 1999 1 1 

Palmoil 1 1.397 1924 0.558 2010 1 1 

Rice 2 1.791 1912 0.490 2000 2 2 

Rubber 3 9.572 1903 0.356 2003 3 3 

Silver 3 1.692 2019 0.225 1954 3 3 

Sugar 1 2.281 1901 0.617 2019 0 0 

Tea 2 1.473 1956 0.588 1996 1 2 

Timber 1 0.975 2019 0.380 1901 0 0 

Tin 3 1.016 2019 0.258 2000 3 3 

Tobacco 2 1.177 2019 0.191 1901 1 1 

Wheat 3 2.069 1916 0.776 2002 2 2 

Wool 2 2.751 1926 0.493 1996 1 1 

Zinc 3 2.006 2019 0.835 1933 3 3 

 

  



 

 

69 

 

Table 4. Relative Measures of a Prevalence of a Trend 

Variable Overall trend 
Number of Years Percentage 

Negative Insig. Positive Negative Insig. Positive 

Average All   34.7 61.1 23.2 29.1 51.4 19.5 

Average Food   45.5 57.2 16.4 38.2 48.1 13.8 

Banana insignificant 52 0 67 43.7 0 56.3 

Beef positive 0 89 30 0 74.8 25.2 

Cocoa insignificant 54 18 47 45.4 15.1 39.5 

Coffee insignificant 34 49 36 28.6 41.2 30.3 

Lamb positive 0 119 0 0 100 0 

Maize negative 78 41 0 65.6 34.5 0 

Palmoil negative 86 33 0 72.3 27.7 0 

Rice negative 37 82 0 31.1 68.9 0 

Sugar negative 119 0 0 100 0 0 

Tea negative 40 79 0 33.6 66.4 0 

Wheat negative 0 119 0 0 100 0 

Average Non-Food   31.3 57.4 30.3 26.3 48.3 25.45 

Cotton negative 53 66 0 44.5 55.5 0 

Hides negative 25 94 0 21.0 79.0 0 

Jute negative 36 61 22 30.3 51.3 18.5 

Rubber negative 35 84 0 29.4 70.6 0 

Timber positive 0 0 119 0 0 100 

Tobacco positive 0 48 71 0 40.3 59.7 

Wool negative 70 49 0 58.8 41.2 0 

Average Metals   18.8 72.7 27.5 15.8 61.1 23.1 

Aluminum negative 57 62 0 47.9 52.1 0 

Copper insignificant 0 91 28 0.00 76.5 23.5 

Lead insignificant 33 60 26 27.73 50.4 21.9 

Silver positive 0 73 46 0.00 61.3 38.7 

Tin positive 23 53 43 19.33 44.5 36.1 

Zinc insignificant 0 97 22 0.00 81.5 18.5 
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CHAPTER 3: CONVERGENCE OF CO2 EMISSIONS IN OECD COUNTRIES: 

EVIDENCE FROM NEW UNIT ROOT TESTS WITH TWO STRUCTURAL 

CHANGES IN A FACTOR STRUCTURE 

 

3.1 Introduction 

Recent decades have witnessed increased awareness and initiatives among researchers 

and policymakers worldwide about the impact of carbon dioxide (CO2) emission on the 

environment. The effects of CO2 emissions on climate change and the environment have been 

important topics. One of the main issues is the convergence behavior of CO2 emissions. To what 

extent do the per capita emissions of different countries tend to draw closer together over time? 

There is a long list of empirical studies that examine this issue; see a survey paper by Payne, Lee, 

and Islam (2021). The underlying motivation of this issue is fairness associated with the 

distribution of per capita emissions. For example, Zhou and Wang (2016) explain the reasoning. 

Countries with lower per capita emissions would expect those with higher per capita emissions to 

shoulder more of the burden to mitigate and reduce emissions. If there is convergence in 

emissions, then the allocation of emissions is less of a concern because the distribution of 

emissions should improved itself. Otherwise, the situation could demand more relocation of 

emissions and international trading of carbon allowances. Thus, convergence implies 

improvement for a fair and equitable emission allocation. 

As these ideas have important policy implications, they are a popular topic of research. 

Payne, Lee, and Islam (2021) discuss a long list of previous studies on convergence in per-capita 

emissions. Those studies tend to center on emissions of carbon dioxide (CO2), which are the 
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primary sources of greenhouse gases that trap heat in the atmosphere. For example, as of 2018, 

CO2 accounted for 81% of all U.S. greenhouse gas emissions – as measured in “CO2 

equivalents”, increasing from 65% in 2014. Methane (CH4), nitrous oxide (N2O), and 

fluorinated gases contribute to the remaining bulk. 

Testing convergence was first considered in the context of income convergence, which 

introduced important empirical methodologies. Convergence behavior has since been examined 

broadly in economics and the social sciences. Such topics include convergence in energy 

consumption, energy intensity, military expenditures, health expenditures, housing prices, 

productivity, competitiveness, inflation rates, freedom indices, education performance, etc.  

In this paper, we focus on testing convergence in per capita CO2 emissions of 30 OECD 

countries. In testing convergence of emissions, we note a need for a new approach that can take 

into account structural changes and cross-correlations simultaneously in the context of stochastic 

convergence. As the next section explains, the earlier literature started by examining β-

convergence and σ-convergence and then moved on to examining stochastic convergence. To 

examine such convergences, the literature has utilized popular time series techniques of unit root 

tests that allow for structural changes or cross-correlations. However, as discussed in Payne, Lee, 

and Islam (2021), no previous study has adopted a procedure that controls for both structural 

changes and cross-correlations simultaneously. To that end, we take the popular unit root tests 

with two structural breaks of Lee and Strazicich (2003) and extend them within a factor structure 

to allow for cross-correlations. For this, we adopt the PANIC (Panel Analysis of Nonstationarity 

in Idiosyncratic and Common Components) procedure of Bai and Ng (2004). The suggested tests 

are quite general and maintain decent power.  Then, we apply the newly suggested tests to per 

capita CO2 emissions to examine stochastic convergence in OECD countries.  
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The rest of the paper is organized as follows. In Section 2, we review the prior literature 

and highlight the gap this paper seeks to fill. Section 3 explains the new procedure for the 

extended unit root tests with two breaks in a PANIC factor structure. In Section 4, we apply the 

new tests to per capita CO2 emissions among OECD countries and discuss the results. We also 

compare results from other tests. We give concluding remarks Section 5.  

 

3.2 Literature Review 

As discussed in more detail in Payne et al. (2021), various econometric approaches have 

been undertaken to test convergence in emissions, income, and other variables. They include 

absolute and conditional β-convergence, σ-convergence and distributional dynamics, stochastic 

convergence, and club convergence. The concept of β-convergence suggested by Baumol (1986) 

for income is highly intuitive. β-convergence occurs when countries with a higher initial per 

capita incomes grow more slowly than countries with lower initial incomes. This issue can be 

tested within a cross-sectional framework or in a panel data model and applied to other measures. 

Strazicich and List (2003) and Karakaya et al. (2019) adopt cross-sectional estimation to test for 

conditional β-convergence of per capita emissions.  

Quah (1993a,b) notes that neither absolute nor conditional β-convergence approaches 

account for the dynamics of the growth process and suggests an alternative measure, σ-

convergence. It examines the distributional aspects of cross-section data and tests whether the 

cross-section variance decreases over time. Following this, Nguyen Van (2005) examines σ-

convergence in per capita emissions over time; see also Aldy (2006; 2007), Wu et al. (2016), 

Tiwari and Mishra (2017), and Kounetas (2018), among others. 

However, pitfalls of testing β-convergence and σ-convergence are noted in the literature; 

see Bernard and Durlauf (1995) and Carlino and Mills (1993). Then, they adopt time series 
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techniques and examine “stochastic convergence.” Stochastic convergence implies that shocks to 

a variable of interest are temporary. In this regard, the unit root, stationarity, and cointegration 

tests are popular.  One can examine the null hypothesis for each country that a variable is 

diverging from the average values of all countries. Failure to reject the null hypothesis of a unit 

root indicates evidence against convergence. Divergence implies no tendency for a variable to 

return to the average following a shock. 

Conversely, rejection of the null supports the alternative hypothesis that shocks are 

temporary, implying convergence. When the test includes a constant term, stochastic 

convergence implies convergence to a country-specific compensating differential and is 

consistent with conditional convergence. List (1999) was the first to explore stochastic 

convergence of emissions, specifically sulfur and nitrogen oxides. Studies that continue this line 

of research include Aldy (2006), Bulte et al. (2007), Payne et al. (2014), Presno et al. (2018), 

Karakaya et al. (2019), and Solarin et al. (2019). 

 However, stochastic convergence has opened the door for the need to follow up the deep 

literature of time series techniques. To begin with, there is an issue of having to control for 

structural changes. It is well known that standard unit root and stationarity tests can yield 

misleading results when structural changes exist but aren’t accounted for. In that regard, List 

(1999) investigates the convergence of relative per capita emissions by employing testing 

procedures for trend break models.  Bulte et al. (2007) utilize the unit root test with two 

structural breaks of Lee and Strazicich (2003) to examine the convergence of sulfur dioxide and 

nitrogen oxide emissions.28 Payne et al. (2014) also employ the models with trend breaks but 

attempt to utilize the additional information associated with non-normal errors. Payne et al. 

 
28 See also Nourry (2009), Barassi et al. (2008), Strazicich and List (2003), Aldy (2007), Moutinho et al. (2014), 

Wang and Zhang (2014), and Yu et al. (2019). 
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(2014) augment the RALS (Residual Augmented Least Squares) procedure of Im and Schmidt 

(2008) with the unit root tests with trend-breaks suggested by Meng et al. (2013), and their 

results support the stochastic convergence of relative per capita sulfur dioxide emissions. 

Alternatively, researchers have employed panel unit root/stationarity tests to exploit the 

significant power gain in leveraging both the cross-section and time dimensions inherent in panel 

data. However, one critical limitation of those tests is that they assume independence across 

cross-sectional units to examine stochastic convergence. More recent papers employ panel unit 

root tests that allow for cross-sectional dependence in the error structure via principal component 

analysis or cross-sectional averages.29 

In a recent survey paper, Payne, Lee, and Islam (2021) remark that one additional 

econometric issue remains in testing for convergence in emissions. Discussing recent 

developments in the literature of time series techniques, they note the need to control for 

structural changes and cross-correlations at the same time. Such a procedure has not been 

employed to examine the convergence of emissions to our knowledge.  

 

3.3 New Tests with Structural Changes in a Factor Structure 

To control for structural breaks with a factor structure, we follow two main procedures- 

we take Lee and Strazicich (2003) as the main framework to adopt the LM unit root tests with 

breaks, and extend it to adopt the PANIC procedures to control for the factor structure. We 

 

29 See Barassi et al. (2008), Lee, Chang and Chen (2008), Karakaya et al. (2019), Apergis and Payne (2020), Ulucak 

et al. (2020) and others. Payne et al. (2021) presents a long table on the literature. 
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follow the augmented version of the PANIC procedures.30 To begin with, consider the following 

data generating process (DGP) based on the unobserved component representation: 

            1' ,   ,   1,.., .t t t t t ty Z e e e t T  −= + = + = ,  (1) 

where  contains exogenous variables.  The unit root null hypothesis is .  The level-shift 

or “crash,” model can be considered with 1[1, ,.., ]'t t RtZ D D= , where 1jtD =  for  1Bjt T + , j = 

1,.., R, and zero otherwise, and 
BjT  stands for the time period of the j-th break. The trend-break 

model can be described by 
* *

1 1[1, ,.., , ,.., ,]'t t Rt t RtZ D D DT DT= , where 
*

jt BjDT t T= − for 1Bjt T + , 

and zero otherwise. Following the LM (score) principle, we impose the null restriction  and 

consider the following first step regression in differences:  

               (2) 

where , .  The unit root test statistics are then obtained from the 

following regression: 

               (3) 

where  denotes the detrended series 

               (4) 

 

30 Our suggested test has similar features of the test of Bai and Carrion-i-Silvestre (2009) who also use dummy 

variables to control structural changes and the PANIC approach to deal with cross-sectional dependence. Their 

procedure relies on a non-parametric estimate of the long-run variance to correct serial correlation, as in Phillips and 

Perron (1988, PP). It is well known that such procedures often yield size distortions. In light of this issue, most 

recent studies using unit root tests are based on the augmented version tests of parametric autoregressive models. 
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We let  be the -statistic for  from (3).  Here,  is the coefficient in the regression of  

on  in (2), and  is the restricted MLE of :  That is, .  Subtracting  in (4) 

gives , but letting  leads to the same result.  It is important to note that in the 

detrending procedure (4), the coefficient  was obtained in regression (2) using the first 

differenced data. Thus, the detrending parameters are estimated in the first step regression in 

differences. This approach removes the dependency on nuisance parameters in the crash model. 

However, this detrending procedure does not remove the dependency on nuisance parameters for 

trend breaks. 

Lee et al. (2012) show that the LM unit root test statistic  for the model with trend-

shifts will depend on , which denotes the fraction of sub-samples in each regime such that 

, , , and .  To remove the 

dependency of the test on these parameters, Lee et al. (2012) consider the following 

transformation: 

              (5) 

We then replace  in the testing regression (3) with  as follows: 

              (6) 

We denote  as the  -statistic for  from (6).  Then, the asymptotic distribution of the 

test statistic  will be invariant to the nuisance parameter ; see Lee et al. (2012). Following 
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the transformation, the asymptotic distribution of  depends only on the number of trend 

breaks, since the distribution is the sum of  independent stochastic terms. In general, for 

the case of  multiple breaks, the same analogy holds: the distribution of  is the same as that 

of the untransformed test  using , .   

For example, with two trend-breaks ( ), the distribution of  is the same as that of 

the untransformed test  using  and .  Therefore, we do not need to obtain 

new critical values at all possible breakpoint combinations, which might be tedious or infeasible 

with multiple breaks. Nazlioglu and Lee (2020) provide the response surface function estimates 

for these LM unit root tests with breaks. They can be used effectively to obtain relevant critical 

values and p-values of the tests for structural changes up to three breaks, different sample sizes, 

and different lag orders. 

Here, the augmented terms, , 1,..t jS j k− = , are included to correct for autocorrelations in 

(6), in light of the augmented DF tests of Said and Dickey (1984). The lag order, k, can be 

determined in the usual way using information criteria or by a sequential t-test, which examines 

the significance of the last lagged term. Thus, we control for autocorrelation and remove the 

persistence effect using a parametric model specification. This strategy is in sharp contrast to the 

MSB test utilized in Bai and Carrion-i-Silvestre (2009). The MSB test relies on the non-

parametric estimate of the so-called long-run variance adopted in the Phillips-Perron (1988) test.  

Our task is to allow for a factor structure in the above testing procedure. For this, we 

consider a panel model with an alternative DGP as follows. 

, , , , , 1 ,' ,   , 1,.. ; 1,.., .i t i t i t i t i t i t i ty Z F e e e i N t T   −= + + = + = =     (7) 
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where tF  is an 1r  vector which represents the unobserved common factors and i  denotes 

factor loadings that capture the responses of each cross-section unit to the common factors. The 

difficulty of estimating the above model is that there is no feasible way to estimate the factor 

terms with other parameters in a linear model framework. Also, the LM procedure uses a two-

step procedure using equations (3) and (6). However, we follow the spirit of the PANIC 

procedure and attempt to estimate the factor terms in the first step of the LM testing procedure 

based on the first differenced variables. To start, we fix the number of breaks, R, as given.  

The first step procedure of the LM test involves the estimation of break locations and the 

factor terms. For this, a regression in first differences is used.  

,, ,' .'i t i i t tt iy F eZ  =  +  +        (8) 

Indeed, estimating the factor terms using first differences is the key feature of the PANIC 

procedure of Bai and Ng (2004). This treatment paves the way for the desired feature that the 

asymptotic distributions of the resulting unit root tests are free of the parameters representing the 

factor terms or the nature of cross-correlations.  

The issue is that the coefficients of ,i tZ  in (8) need to be estimated jointly with the 

unknown factors ( )tF  and factor loadings ( )i . Thus, we follow the iterative approach of Bai 

(2009).31 To do so, for each i-th cross-section unit, we first estimate the following equation  

,

*

,, ' i ti t i tZy w =  +          (9) 

where the factor terms are included only in the error term, *

,i tw = 
,'i t i tF e  + . Here, we need to 

estimate the optimal break locations to define ,i tZ . We consider all possible combinations of 

 

31  Bai and Carrion-i-Silvestre (2009), and Nazlioglu et al. (2021) adopt a similar iterative procedure. 
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break locations, given the fixed number of breaks, and determine the optimal break locations by 

minimizing the sum of squared residuals for each cross-sectional unit.32 Thus, each cross-

sectional unit may have different break locations. Then, using the optimal break locations, we 

define 
,i tZ  and estimate equation (9). The residuals from equation (9) are given as 

, ,,
ˆ 'i t i ti tq y Z=  −           (10) 

From the rules of least squares regression, it is clear that 𝑞𝑖,𝑡 has zero means. Also, it has a pure 

factor structure without deterministic components such that i  and tf  (= tF ) can be estimated 

by the principal components method.   

, ,'i t i t i tq f = +          (11) 

The estimated factors, ˆ
tf , are the r eigenvectors corresponding to the r largest eigenvalues of the 

matrix 'qq , with 1[ ,.., ]Nq q q= , and the factor loadings are given as ˆ ˆ'q f=  with 

1
ˆ ˆ[ ,.., ]'.N =  Here, the number of factors can be determined by the information criteria 

values of Bai and Ng (2002). Then, we let  

,,i t i ty =  − ˆˆ 'i tf .         (12) 

The above term is free of the factors, but it would include the deterministic terms, including break 

terms. Then, we re-estimate equation (9) with ,i t .  

**

, ,,' ii t i tt wZ =  +          (13) 

 

32  For example, when R = 2, the number of combinations is TC2 = T(T-1)/2. However, we exclude the possibility 

that breaks occur in the beginning or the end of the sample. The trimming factor is 15 percent. Also, we exclude the 

possibility that the break occurs within 3 period. 
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We repeat the iterative procedure to estimate the parameters in both the deterministic terms and 

the factors. Thus, we iterate to obtain itq  in (10) and estimate the factors in (11). Then use it  in 

(12) to estimate the parameters of 
,i tZ  in (13). We then combine both the deterministic terms 

and the factors to compute the residuals using the estimated parameters and the factor terms. 

ˆ
itz =  

, ,
ˆˆ 'ˆ 'i t ti t iZy f−  −         (14) 

We stop the iterative procedure when the change in the sum of squared residuals, SSR = 

2

1 2

ˆ
N T

it

i t

z
= =

   in equation (14), is less than a tolerance level, say 10−7. 

In the second step of the testing procedure, we construct the detrended variables as the 

cumulative residuals of ˆ
itz . Thus, we define the detrended variable as ,

2

ˆ
t

i t is

s

zS
=

= , where ˆ
isz  is the 

residual from (14). 

Then, we move to the second step of the testing regression. The test statistic can be obtained 

from the regression for each cross-section unit: 

,i ty =  
*

,, 1 , ,

1

ˆ''
ip

i i i t i t is i t s i ti t

s

S f c S vZ − −

=

+ +  + +  +     (15) 

where *

, 1i tS −
 is the transformed series using equation (5) based on the estimated break locations; 

the lagged value of 
,i tS  is included along with the estimated frequencies, the factors ˆ

tf , and the 

augmented terms of Δ�̃�𝑖𝑡, in order to correct for autocorrelations. Thus, in the above procedure, 

all of the break locations, the number of factors, and the number of augmented terms are 

estimated jointly.  
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We are interested in testing 𝛽𝑖 = 0 for the unit root hypothesis of the i-th cross-section unit. 

We denote the resulting t-statistic on 𝛽𝑖 = 0 as i , and the corresponding p-value of the test 

statistic as ip .  

 i  = t-statistic for i = 0 in (15)       (16) 

As noted above, the desirable feature of adopting the PANIC procedure is that the test statistic 

follows the same asymptotic distribution of the LM statistic with breaks, obtained from equation 

(6). Thus, we can use the same response surface estimates of Nazlioglu and Lee (2020) for the 

critical values and the corresponding p-values. 

3.4 Data and Estimation Results  

We take the CO2 per capita data by country from Edouard Mathieu (2020), who 

originally collected gross carbon emission data by country from the Global Carbon Project of the 

Future Earth.33  We select data from 1960 to 2018 for 30 OECD countries: the initial 24 OECD 

countries (Australia, Austria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, 

Iceland, Ireland, Italy, Japan, Luxembourg, the Netherlands, New Zealand, Norway, Portugal, 

Spain, Sweden, Switzerland, Turkey, the United Kingdom, and the United States) and the six 

countries that joined OECD between 1994 and 2000 (Czech Republic, Hungary, Mexico, Poland, 

Slovak Republic, and South Korea). New seven member countries after 2000 are excluded. As 

required for stochastic convergence analysis, we use relative emissions, that is, the log of the 

ratio between each country’s annual per-capita emissions and the corresponding OECD average. 

Table 1 gives descriptive statistics of the data set. Figures 1a-1c plot the data in level and 

first differences.  

 

33 See Mathieu (2020), CO2-data, GitHub repository, https://github.com/owid/co2-data 
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Figure 1a.  Plots of Emission of CO2 (metric ton per capita) 

 

 

Figure 1b.  Plots of Relative Emission of CO2 (in levels) 
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Figure 1c. Plots of Relative Emission of CO2 (in the first differences) 

 

As previously mentioned, the motivation for this paper is to jointly account for cross-

correlation and structural changes when testing for convergence in CO2 emissions.  There are 

some compelling reasons for the presence of such cross-correlations in real-world CO2 emissions 

data. The co-development and widespread use of similar production technologies across the 

developed world is one important factor. Besides, the existence of the environmental Kuznets 

curve also contributes to such correlations. Furthermore, a high degree of synchronization and 

integration between national and international business cycles could result in cross-correlations 

in economic growth and CO2 emissions, among other things. Countries experience common 

shocks that drive co-movements in these variables. For example, the widespread decline in 

emissions in most countries after 2005 may be attributed to the financial crises worldwide.  

The new unit root tests introduced in this paper allow for two dummy breaks in level or 

trend and control for common factors.  We now apply them to the relative CO2 emissions of 30 

OECD countries to test for convergence. We further compare our new test results with those 

from some benchmark tests.  
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(1) No Breaks and No Factors 

(i) ADF tests of Said and Dickey (1984)  

(ii) LM tests of Schmidt and Phillips (1991)  

(2) No Breaks and PANIC Factors 

(iii) ADF-PANIC tests of Bai and Ng (2004) 

(iv) LM-PANIC tests (New)  

(3) Breaks and No Factors 

       (v) LM tests with Dummy Breaks of Lee and Strazicich (2003) 

(vi) LM tests with Smooth Breaks of Enders and Lee (2012a) 

(4) Breaks and PANIC Factors 

(vii) ADF-PANIC test with Dummy Breaks of Bai and Carrion-i-Silvestre (2009)  

(viii) LM-PANIC test with Smooth Breaks of Nazlioglu et al. (2020) 

(ix) LM-PANIC tests with Dummy Breaks (Our New Tests) 

 

The ADF and LM tests do not account for breaks or common factor terms. The ADF-PANIC 

tests of Bai and Ng (2004) incorporate a common factor structure, but they don’t allow for 

breaks. The LM tests of Lee and Strazicich (2003) allow for two-level or trend shifts using 

dummy variables, while the LM tests of Enders and Lee (2012a) model smooth breaks using 

Fourier transforms. But they do not permit a factor structure. Lastly, the three tests are worth 

close attention. The ADF-PANIC tests of Bai and Carrion-i-Silvestre (2009) allow for multiple 

breaks in the factor structure. We also consider the LM-PANIC tests of Nazlioglu et al. (2020), 

who consider smooth breaks in a factor structure. The LM-PANIC tests with dummy breaks are 

new and are the LM versions of PANIC tests, as described in this paper. 
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Using a battery of the above tests, we examine the net effects of breaks and factor terms 

one by one. Compared with the LM tests with breaks of Lee and Strazicich (2003), the LM 

PANIC Dummy model helps evaluate the net effects of common factors. In conjunction with the 

Bai and Carrion-i-Silvestre (2009) test, the new tests can highlight the impacts of using different 

methods for treating autocorrelations, i.e., non-parametric vs. parametric approaches. When 

paired with the LM-PANIC tests of Nazlioglu et al. (2020), the results can gauge the influence of 

modeling different types of breaks, i.e., smooth breaks vs. sharp breaks. Lastly, when we 

compare our results to those from the ADF-PANIC or LM-PANIC tests, we can assess the 

impacts of different methods of accounting for factor terms.  

We have tested the stationarity of the 30 CO2 emissions using different variations of these 

nine tests that vary in terms of whether factors are controlled for, breaks are allowed for, and 

which types of testing procedures are considered.  

First, we look at the baseline models without breaks and factors. The ADF test by Said 

and Dickey (1984) rejects the null hypothesis of a unit root for five of the series, while the LM 

test by Schmidt and Phillips (1991) rejects the null only for the United Kingdom; see Table 2. 

Second, we move to control for PANIC factors without breaks. Using the ADF-PANIC 

test of Bai and Ng (2004), we reject the null hypothesis nine times, while the LM-PANIC test 

yields only three rejections for Austria, Germany, and Switzerland. We note that controlling for 

the PANIC factors results in more rejections for both the ADF and LM tests than their 

corresponding benchmark tests without factors.  

Third, we examine the net impact of allowing for structural breaks but not controlling for 

factors using two tests. Allowing for one-dummy and two-dummy breaks, the LM tests of Lee 

and Strazicich (2003) reject a unit root for 13 and 10 countries, respectively. On the other hand, 
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allowing for smooth, one, two, and three Fourier breaks, the test of Enders and Lee (2012) rejects 

the unit root test for 4, 7, and 10 countries, respectively. Thus, we notice that allowing for breaks 

in the basic model results in more rejections than allowing for PANIC factors. We also notice 

that allowing for dummy breaks results in more rejections than allowing for smooth breaks. 

Fourth, we investigate the tests that allow for both breaks and factors in Table 4.  The 

ADF-PANIC test with breaks of Bai and Carrion-i-Silvestre (2009) yields 5, 8, and 8 rejections 

of the null, when 1, 2, and 3 trend-shifts are allowed.  

Fifth, when smooth breaks are considered with a factor structure, the LM-PANIC tests of 

Nazlioglu et al. (2020) yield fewer rejections: 2, 1, and 1, when the number of cumulative 

frequencies is 1, 2, and 3, as shown in Table 5.  

Lastly, in Table 6, we show the results of our new test. With trend-shifts and factors, we 

see only 1 and 4 rejections of the null in the level- and trend-shift models, respectively. The 

level-break test rejects the null only for Turkey, compared to four with the trend-breaks model: 

Australia, Canada, Czech Republic, and Sweden.  

In summary, a few remarks could be worthwhile. 

  (i) When a factor structure is allowed, the unit root null hypothesis is rejected 

significantly less frequently than the LM tests of Lee and Strazicich (2003) and the benchmark 

tests of the ADF and LM tests. In general, the direction of the effects of controlling for cross-

correlations and factor structure on unit toot tests is unknown. They can give more or fewer 

rejections of the null hypothesis, and the results can depend on the unknown factor structure. In 

our case, it seems clear that controlling for the factor structure yields fewer rejections. 

  (ii) Our tests reject fewer cases than the ADF-PANIC tests of Bai and Carrion-i-Silvestre 

(2009). Thus, different approaches for correcting autocorrelations can give different results. 
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  (iii) Our results have similar results to the LM-PANIC tests of Nazlioglu et al. (2020).  

Thus, allowing for different types of breaks may not be relevant to testing these types of 

hypotheses, as both smooth breaks and sharp breaks lead to similar outcomes.  

  (iv) Overall, our results show that the null of a unit root is rarely rejected by tests that 

allow for either smooth or sharp breaks if a common factor structure is allowed for. In general, 

these results imply little to no convergence of per capita CO2 emissions among OECD countries. 

3.5 Concluding Remarks 

This paper has examined the convergence behavior of per capita CO2 emissions in 30 

OECD countries while accounting for the effects of structural changes and cross-correlations 

jointly within a factor structure. We extended two break tests of Lee and Strazicich (2003) in a 

factor structure by adopting the PANIC procedure of Bai and Ng (2004). Then, we applied the 

new tests to find evidence for or against the convergence of per capita carbon dioxide emissions. 

Our results accounted for breaks and common factors and found that the null hypothesis of no 

convergence was rejected in only a few instances.  

We also compared our results with those from various benchmark tests.  Although the 

effects of allowing for a factor structure depend on that factor structure, controlling for it yielded 

fewer rejections of the null. The number of rejections of the unit root null hypothesis was 

reduced significantly compared to the LM tests with breaks of Lee and Strazicich (2003). The 

LM-PANIC tests with smooth breaks of Nazlioglu et al. (2020) gave similar results, with many 

fewer rejections than the Enders and Lee (2012a) tests, which do not allow for cross-correlations. 

Our results have immediate and concrete policy implications. As there is little evidence 

of convergence in emissions, the distribution of emissions must be improved. It must be 

recognized that effectively changing the allocation of emissions remains a concern. 
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Figure 2. Plots of the Estimated Fourier Breaks 
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Figure 3. Plots of the Estimated Trend-Breaks 
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Table 1.  Summary Statistics for CO2 Emission 

Country Count Mean 
Standard 

Deviation 
Range Minimum Maximum 

Australia 59 0.461 0.169 0.514 0.184 0.698 

Austria 59 -0.247 0.107 0.359 -0.427 -0.068 

Belgium 59 0.195 0.121 0.428 -0.001 0.427 

Canada 59 0.541 0.048 0.227 0.411 0.638 

Czechia 59 0.370 0.185 0.533 0.124 0.657 

Denmark 59 0.062 0.163 0.665 -0.336 0.330 

Finland 59 -0.002 0.221 0.990 -0.709 0.281 

France 59 -0.269 0.158 0.458 -0.493 -0.035 

Germany 59 0.238 0.148 0.519 0.016 0.534 

Greece 59 -0.545 0.525 1.784 -1.772 0.012 

Hungary 59 -0.408 0.157 0.599 -0.690 -0.091 

Iceland 59 -0.082 0.178 0.601 -0.356 0.245 

Ireland 59 -0.148 0.186 0.700 -0.511 0.189 

Italy 59 -0.411 0.203 0.912 -1.111 -0.199 

Japan 59 -0.194 0.261 1.133 -0.989 0.144 

Luxembourg 59 1.048 0.314 1.106 0.594 1.700 

Mexico 59 -1.050 0.257 0.769 -1.530 -0.760 

Netherlands 59 0.088 0.059 0.269 -0.040 0.229 

New Zealand 59 -0.326 0.172 0.605 -0.697 -0.093 

Norway 59 -0.201 0.179 0.630 -0.608 0.022 

Poland 59 0.001 0.138 0.501 -0.255 0.246 

Portugal 59 -1.044 0.510 1.551 -1.972 -0.421 

Slovakia 59 -0.038 0.207 0.541 -0.322 0.219 

South Korea 59 -0.772 0.880 3.024 -2.601 0.423 

Spain 59 -0.632 0.334 1.204 -1.424 -0.220 

Sweden 59 -0.292 0.273 0.907 -0.718 0.189 

Switzerland 59 -0.475 0.077 0.329 -0.668 -0.339 

Turkey 59 -1.396 0.543 1.917 -2.399 -0.482 

United Kingdom 59 0.030 0.207 0.915 -0.402 0.513 

United States 59 0.716 0.047 0.204 0.636 0.841 
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Table 2. Results from Some Benchmark Tests (No Breaks) 

  

No Break, No Factor 

Said and Dickey  

(1984) 

No Break, No Factor 

Schmidt and Phillips  

(1991) 

No Break, Factor 

Bai and Ng  

(2004) 

No Break, Factor 

New Tests 

 

  ADF lag LM pval lag PANIC-ADF pval lag PANIC-LM pval lag 

Australia -3.52* 7 1.33 1.00 0 -2.19* 0.03 0 -2.40 0.20 0 

Austria -4.94* 0 2.52 1.00 0 -3.84* 0.00 0 -4.80* 0.00 0 

Belgium -2.67 5 -2.06 0.39 0 -2.17* 0.03 2 -2.29 0.25 0 

Canada -3.49* 5 0.86 1.00 0 -2.57* 0.01 0 -2.55 0.15 0 

Czechia -1.72 1 -1.33 0.87 1 -0.86 0.34 0 -1.30 0.90 1 

Denmark -2.01 3 1.93 1.00 0 -1.52 0.12 0 -1.07 0.98 3 

Finland -3.18 2 2.27 1.00 0 -1.63 0.10 0 -0.81 0.99 7 

France -2.48 7 -0.61 1.00 0 -1.03 0.27 0 -1.86 0.58 7 

Germany -2.53 2 -2.77 0.10 0 -2.46* 0.02 3 -4.05* 0.01 5 

Greece 0.27 5 2.47 1.00 0 -1.65 0.09 0 0.28 1.00 8 

Hungary -1.80 1 -1.43 0.80 1 -1.06 0.26 0 -1.37 0.87 1 

Iceland -2.03 1 -0.87 1.00 0 -1.11 0.24 4 -1.85 0.50 0 

Ireland -2.10 8 1.85 1.00 0 -1.91 0.06 8 -2.13 0.42 8 

Italy -3.63* 0 0.50 1.00 1 -1.66 0.09 4 -0.56 1.00 4 

Japan -3.25 2 -0.87 0.99 1 -1.37 0.16 2 -1.60 0.74 2 

Luxembourg -2.77 1 -2.41 0.20 1 -1.08 0.25 3 -2.48 0.24 1 

Mexico -2.49 7 1.90 1.00 0 -0.91 0.32 6 -2.71 0.16 5 

Netherlands -3.27 0 1.79 1.00 0 -1.58 0.11 1 -1.87 0.56 1 

New Zealand -2.96 0 -0.46 1.00 0 -1.17 0.22 0 -1.54 0.72 0 

Norway -3.25 8 -2.04 0.39 1 -2.08* 0.04 1 -1.47 0.82 8 

Poland -1.26 1 -1.27 0.89 1 -1.03 0.27 0 -1.89 0.56 8 

Portugal 0.17 5 2.79 1.00 0 -2.68* 0.01 7 -1.42 0.85 3 

Slovakia -1.62 0 -1.32 0.87 0 -1.32 0.17 0 -1.15 0.94 0 

South Korea -1.68 0 4.19 1.00 0 -0.83 0.35 8 -1.07 0.98 4 

Spain -1.46 0 2.11 1.00 0 -1.55 0.12 7 -1.17 0.95 7 

Sweden -2.74 0 -0.38 1.00 0 -0.77 0.37 7 -2.09 0.43 7 

Switzerland -4.56* 0 2.88 1.00 0 -2.35* 0.02 5 -3.23* 0.03 0 

Turkey -3.22 5 6.14 1.00 0 -1.94 0.05 0 -2.62 0.13 0 

United Kingdom -1.49 4 -4.40* 0.00 0 -2.28* 0.02 7 -2.43 0.27 7 

United States -3.20 0 -2.42 0.21 0 -1.54 0.12 0 -2.53 0.16 0 

# of rejections 5    1     9    3   

# of factors n/a     n/a     5     5   
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Table 3. Results from Some Benchmark Tests (Breaks, No Factor) 

  

Break, No Factor 

Lee and Strazicich (2003) 

Smooth Breaks, No Factor 

Enders and Lee (2012a) LM with Fourier 

LM one trend break LM two trend break m=1 m=2 m=3 

LM pval brk LM pval brk1 brk2 LM pval p LM pval p LM pval p 

Australia -4.74 7.00 1977 -7.35 7.00 1977 1987 -3.79 0.08 7.00 -4.95* 0.04 8.00 -4.42 0.36 8 

Austria -5.11* 0.00 1984 -7.58* 0.00 1978 1989 -5.04* 0.00 0.00 -5.39* 0.01 6.00 -5.27 0.11 6 

Belgium -3.50* 0.00 1973 -7.84 6.00 1980 1996 -3.58 0.13 6.00 -4.42 0.13 6.00 -5.30 0.10 6 

Canada -4.88 7.00 1975 -6.37 3.00 1973 1987 -3.31 0.21 7.00 -4.89* 0.04 8.00 -4.17 0.48 8 

Czechia -3.18 1.00 1988 -6.22 1.00 1977 1998 -2.67 0.64 1.00 -3.52 0.60 1.00 -5.85* 0.03 8 

Denmark -4.01* 0.00 1999 -5.04* 0.00 1970 1993 -2.52 0.72 3.00 -4.14 0.21 7.00 -4.49 0.36 7 

Finland -3.18 7.00 2002 -5.93 7.00 1971 2001 -1.79 0.94 7.00 -3.44 0.57 7.00 -5.38 0.08 7 

France -3.91 7.00 1979 -6.31 7.00 1973 1984 -2.96 0.38 7.00 -3.51 0.52 7.00 -4.30 0.45 7 

Germany -4.69 7.00 1990 -6.78 7.00 1972 1996 -4.31* 0.02 5.00 -4.78 0.06 7.00 -6.62* 0.00 8 

Greece -2.93 8.00 1998 -6.59 8.00 1971 1999 -1.26 0.98 8.00 -2.34 0.94 8.00 -3.51 0.79 8 

Hungary -3.78 6.00 1987 -6.12 6.00 1978 1998 -4.12* 0.04 6.00 -4.43 0.12 7.00 -6.18* 0.01 8 

Iceland -4.79* 0.00 1981 -8.55 1.00 1974 1989 -3.68 0.10 7.00 -4.06 0.24 7.00 -5.68* 0.04 7 

Ireland -3.95* 0.00 1994 -4.94* 0.00 1975 2006 -2.63 0.56 8.00 -3.59 0.45 8.00 -3.83 0.65 8 

Italy -3.26 5.00 1982 -4.77 8.00 1970 2003 -1.57 0.96 8.00 -2.04 0.99 5.00 -3.31 0.93 5 

Japan -4.45 2.00 1975 -5.60 2.00 1982 1991 -2.90 0.48 2.00 -4.28 0.20 2.00 -4.96 0.18 7 

Luxembourg -4.81 7.00 1986 -6.09 7.00 1974 1986 -4.31* 0.02 6.00 -4.60 0.09 6.00 -5.12 0.15 6 

Mexico -4.60 7.00 1987 -5.20 7.00 1987 2002 -2.95 0.39 7.00 -3.69 0.42 7.00 -4.26 0.47 7 

Netherlands -4.52* 0.00 1981 -6.77* 0.00 1979 1989 -3.74 0.11 0.00 -4.15 0.24 0.00 -5.77* 0.04 2 

New Zealand -5.55* 0.00 1985 -7.09* 0.00 1975 1982 -3.04 0.40 0.00 -4.91* 0.05 6.00 -5.21 0.12 6 

Norway -4.88 8.00 1976 -7.86 8.00 1972 1987 -2.99 0.35 8.00 -5.20* 0.02 7.00 -5.55 0.06 7 

Poland -3.08 8.00 1987 -4.90 8.00 1979 1994 -2.05 0.86 8.00 -4.77 0.08 3.00 -5.78* 0.04 5 

Portugal -3.45 4.00 1993 -5.68 5.00 1994 2005 -1.50 0.99 5.00 -6.02* 0.00 4.00 -6.55* 0.01 4 

Slovakia -3.36* 0.00 1997 -6.05* 0.00 1988 2002 -2.95 0.39 7.00 -3.58 0.49 7.00 -4.85 0.19 8 

South Korea -3.55 4.00 1986 -5.84 4.00 1989 2001 -3.40 0.20 4.00 -4.38 0.12 8.00 -3.51 0.79 8 

Spain -3.57* 0.00 1994 -4.95* 0.00 1983 2005 -2.01 0.94 0.00 -4.34 0.18 3.00 -4.85 0.27 3 

Sweden -4.41* 0.00 1976 -6.65* 0.00 1976 1987 -2.63 0.64 0.00 -5.46* 0.01 4.00 -5.77* 0.04 7 

Switzerland -3.77* 0.00 1970 -5.47* 0.00 1970 1982 -1.52 0.99 5.00 -1.94 0.99 5.00 -3.39 0.92 5 

Turkey -3.90* 0.00 1974 -5.46 5.00 1998 2008 -3.76 0.09 5.00 -4.68 0.08 5.00 -5.91* 0.03 7 

United Kingdom -3.32 8.00 1995 -5.31 8.00 1980 2009 -3.12 0.28 8.00 -4.63 0.10 4.00 -5.94* 0.03 4 

United States -4.16* 0.01 1991 -5.68* 0.00 1973 2006 -3.37 0.19 7.00 -4.26 0.21 1.00 -5.36 0.11 1 

# of rejections   13     10       4    7     10   

# of factors   n/a     n/a       n/a     n/a     n/a   
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Table 4. Results of Bai and Carrion-i-Silvestre Tests (Breaks and Factors) 

  

Break, Factor 

One break 

Breaks, Factor 

Two breaks 

Breaks, Factor 

Three breaks 

  MSB pval brk1 MSB pval brk1 brk2 MSB pval brk1 brk2 brk3 

Australia 0.148 0.84 1972 0.008* 0.01 1974 1982 0.052 0.87 1972 1981 1990 

Austria 0.039 0.42 1980 0.011* 0.03 1972 1980 0.010* 0.00 1972 1980 1991 

Belgium 0.098 0.74 1988 0.107 0.83 1988 1998 0.062 0.93 1980 1988 1998 

Canada 0.107 0.89 1968 0.023 0.10 1981 1991 0.000* 0.00 1981 1991 1999 

Czechia 0.127 0.82 1986 0.013* 0.01 1986 1999 0.040 0.82 1968 1986 1999 

Denmark 0.074 0.35 1996 0.075 0.79 1969 1996 0.052 0.83 1969 1981 1996 

Finland 0.401 1.00 1980 0.146 0.99 1973 2003 0.070 0.94 1973 1984 2003 

France 0.107 0.41 1973 0.028 0.07 1979 1987 0.108 1.00 1979 1988 1998 

Germany 0.000* 0.00 2007 0.014* 0.00 1986 2005 0.002* 0.00 1975 1983 2005 

Greece 0.179 0.95 1990 0.187 1.00 1977 2009 0.077 0.95 1969 1990 2009 

Hungary 0.152 0.85 1983 0.023* 0.03 1984 1992 0.079 0.90 1973 1984 1992 

Iceland 0.089 0.99 1969 0.081 1.00 1969 1985 0.023 0.52 1969 1977 1985 

Ireland 0.092 0.71 2001 0.060 0.62 1984 2001 0.028 0.27 1971 1984 2001 

Italy 0.162 0.70 1968 0.112 1.00 1968 2003 0.046 0.91 1968 1976 2006 

Japan 0.017* 0.02 1970 0.037 0.25 1970 1987 0.023* 0.03 1970 1987 1995 

Luxembourg 0.051 0.52 1998 0.019* 0.00 1998 2006 0.031 0.39 1983 1991 1999 

Mexico 0.108 0.92 1982 0.076 0.76 1973 1982 0.033 0.64 1973 1982 1990 

Netherlands 0.073 0.52 1972 0.073 0.93 1979 1988 0.090 0.99 1969 1979 1988 

New Zealand 0.078 0.50 1979 0.004* 0.00 1979 1988 0.032 0.87 1970 1979 1988 

Norway 0.049 0.82 1970 0.072 0.82 1983 1991 0.016* 0.01 1983 1991 1999 

Poland 0.143 0.48 2002 0.023 0.06 1987 2002 0.013* 0.00 1973 1987 2002 

Portugal 0.060 0.35 1999 0.060 0.66 1985 1999 0.000* 0.00 1976 1985 1999 

Slovakia 0.144 0.83 1984 0.115 0.99 1986 1994 0.257 1.00 1968 1986 1994 

South Korea 0.177 0.86 1997 0.216 1.00 1997 2006 0.030 0.59 1979 1997 2006 

Spain 0.015* 0.00 1976 0.029 0.20 1976 2007 0.002* 0.00 1976 1988 2006 

Sweden 0.400 1.00 1969 0.057 0.83 1969 1980 0.048 0.87 1970 1980 1998 

Switzerland 0.107 0.96 1968 0.017 0.45 1968 2010 0.072 0.96 1971 1979 1992 

Turkey 0.005* 0.00 1977 0.004* 0.00 1996 2004 0.025 0.15 1977 1996 2004 

United Kingdom 0.176 0.65 1974 0.038 0.91 1974 2008 0.036 0.97 1976 1989 2008 

United States 0.027* 0.04 1982 0.066 0.71 1991 1999 0.068 0.96 1991 2000 2009 

# of rejections   5     8       8       

# of factors   5     5       5       
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Table 5.  Results of Nazlioglu et al. Tests (Fourier Breaks and Factors) 

  Fourier (m=1) Fourier (m=2) Fourier (m=3) 

  LM pval lag LM pval lag LM pval Lag 

Australia -4.34 0.09 8 -5.17 0.11 8 -5.39 0.26 8 

Austria -4.93* 0.01 0 -4.64 0.29 8 -4.45 0.77 8 

Belgium -3.46 0.40 6 -4.19 0.54 6 -5.17 0.39 6 

Canada -3.31 0.26 0 -4.44 0.39 8 -4.18 0.87 8 

Czechia -2.76 0.77 1 -3.54 0.87 1 -5.25 0.32 8 

Denmark -3.49 0.19 0 -3.89 0.71 3 -4.35 0.86 3 

Finland -2.02 0.98 7 -5.32 0.08 3 -5.24 0.36 5 

France -2.91 0.71 7 -3.59 0.85 7 -4.05 0.92 7 

Germany -4.26 0.10 5 -4.64 0.29 8 -5.91 0.09 8 

Greece -1.26 1.00 8 -2.51 0.99 8 -3.76 0.96 8 

Hungary -4.01 0.17 6 -4.13 0.57 6 -6.10 0.06 8 

Iceland -4.12 0.14 7 -4.17 0.55 7 -5.65 0.16 7 

Ireland -2.62 0.85 8 -3.30 0.93 8 -3.71 0.96 8 

Italy -2.08 0.97 8 -2.59 0.99 5 -2.86 1.00 5 

Japan -2.80 0.75 2 -3.95 0.68 2 -4.88 0.54 7 

Luxembourg -3.41 0.42 1 -4.41 0.41 6 -5.05 0.46 6 

Mexico -3.02 0.65 7 -4.52 0.35 7 -5.59 0.19 7 

Netherlands -3.90 0.08 0 -4.12 0.26 0 -5.49 0.27 2 

New Zealand -3.08 0.38 0 -4.94 0.17 5 -5.56 0.20 6 

Norway -3.81 0.10 0 -5.25 0.09 7 -5.64 0.17 7 

Poland -2.02 0.98 8 -4.29 0.48 2 -5.96 0.09 5 

Portugal -2.08 0.98 3 -4.53 0.35 7 -4.60 0.71 7 

Slovakia -2.46 0.75 0 -3.42 0.63 0 -4.81 0.57 8 

South Korea -3.35 0.45 4 -4.32 0.46 8 -3.48 0.98 8 

Spain -3.68 0.29 5 -5.54* 0.05 6 -5.46 0.24 6 

Sweden -2.58 0.86 7 -4.50 0.36 7 -6.16 0.06 7 

Switzerland -4.17* 0.04 0 -2.12 1.00 5 -3.62 0.99 5 

Turkey -3.78 0.25 5 -4.66 0.28 5 -6.56* 0.02 7 

United Kingdom -3.04 0.65 8 -4.79 0.23 4 -5.80 0.14 4 

United States -2.75 0.78 5 -4.28 0.49 1 -5.20 0.40 1 

# of rejections   2     1     1   

# of factors   5     5     5   
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Table 6. Results of PANIC LM Tests (Dummy Breaks and Factors) 

  Two level breaks Two trend breaks 

  LM pval brk1 brk2 LM pval brk1 brk2 

Australia -1.287 0.89 1975 1979 -4.936* 0.01 1975 1982 

Austria -2.316 0.25 1979 1987 -3.201 0.47 1979 1991 

Belgium -2.012 0.42 1982 1989 -3.203 0.47 1982 1997 

Canada -2.489 0.18 1972 1989 -5.189* 0.00 1985 1989 

Czechia -0.920 1.00 1974 1989 -4.459* 0.04 1986 1999 

Denmark 0.031 1.00 1990 1995 -3.479 0.32 1995 2005 

Finland -3.028 0.06 1981 2004 -1.772 1.00 2002 2005 

France -1.140 0.95 1975 1990 -4.032 0.11 1975 1990 

Germany -0.300 1.00 1969 1975 -3.196 0.53 1969 2007 

Greece 1.468 1.00 1969 2009 -2.032 0.98 1969 1989 

Hungary -1.080 0.97 1989 1991 -4.044 0.11 1984 1991 

Iceland -0.987 0.99 1968 1984 -3.790 0.18 1968 1984 

Ireland -1.466 0.79 1970 1978 -2.575 0.86 1970 1978 

Italy -2.739 0.08 1994 2008 -2.111 0.99 1968 1994 

Japan 1.450 1.00 1968 1977 -3.396 0.36 1970 1987 

Luxembourg -1.786 0.56 1974 1994 -3.106 0.56 1974 1994 

Mexico -0.355 1.00 1982 1989 -2.975 0.62 1982 1989 

Netherlands -2.979 0.06 1969 1981 -3.939 0.14 1969 1981 

New Zealand -2.056 0.37 1977 1981 -2.178 0.98 1976 1979 

Norway -2.422 0.21 1969 1974 -4.017 0.12 1969 1974 

Poland -1.575 0.72 1974 1989 -2.577 0.86 1974 1989 

Portugal -1.577 0.72 1988 2002 -2.176 0.98 1988 1998 

Slovakia -1.479 0.78 1974 1990 -3.246 0.44 1990 1994 

South Korea -1.610 0.69 1969 1997 -3.462 0.33 1971 1997 

Spain -0.412 1.00 1973 1995 -2.253 0.98 1968 1975 

Sweden -2.286 0.27 1979 2009 -5.250* 0.00 1970 1979 

Switzerland -0.118 1.00 1973 1982 -1.646 1.00 1973 1982 

Turkey -4.296* 0.00 1977 2000 -3.129 0.55 1977 2000 

United Kingdom -1.573 0.72 1979 1984 -2.901 0.67 1979 1983 

United States -2.133 0.35 1987 2000 -3.153 0.50 1987 1991 

# of rejections   1       4     

# of factors   5       5     
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APPENDIX 1 

Appendix Figure 1 

Estimated First Principal Component and Time Fixed Effects 

 

Appendix Figure 2a   

 

Appendix Figure 2b 
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Appendix Figure 3 

Stochastic volatility of the Estimated Common and Group Factors 
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Appendix Figure 4 

Stochastic volatility of the Estimated Idiosyncratic Factors 
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Appendix Figure 5 

Plots of Estimated Breaks of Commodity Prices (2 Level Breaks)  
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Online Appendix (Not to be reported in the paper) 

Online Figure 1 

Estimated Factors from the PANIC procedure 

 

 

 

Online Figure 2 

Estimated Factors from the Bai and Carrion-i-Silvestre PANIC procedure 
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APPENDIX 2 

Part A 

Figure A1. Estimated Factors from PCA 
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Table A1.  Summary Statistics for Relative Commodity Prices 

Variable N Mean 
Standard 
Deviation 

Minimum Maximum 

Aluminum 119 1.710 1.181 0.585 6.315 

Banana 119 1.301 0.296 0.759 2.187 

Beef 119 0.601 0.369 0.149 1.481 

Cocoa 119 0.396 0.195 0.155 1.253 

Coffee 119 0.474 0.215 0.191 1.441 

Copper 119 1.166 0.465 0.555 2.622 

Cotton 119 1.192 0.532 0.382 2.429 

Hides 119 1.103 0.468 0.448 2.805 

Jute 119 1.200 0.455 0.464 2.601 

Lamb 119 0.607 0.378 0.126 1.521 

Lead 119 0.812 0.270 0.287 1.633 

Maize 119 1.363 0.559 0.510 3.361 

Palmoil 119 1.021 0.477 0.295 3.824 

Rice 119 1.175 0.498 0.359 2.497 

Rubber 119 2.508 2.927 0.414 13.860 

Silver 119 0.614 0.396 0.229 2.361 

Sugar 119 1.345 0.774 0.439 4.938 

Tea 119 1.031 0.337 0.497 2.014 

Timber 119 0.709 0.224 0.328 1.186 

Tin 119 0.496 0.215 0.193 1.078 

Tobacco 119 0.863 0.250 0.313 1.362 

Wheat 119 1.364 0.485 0.612 2.969 

Wool 119 1.736 0.887 0.357 3.817 

Zinc 119 1.097 0.364 0.559 2.680 

Note: Prices are denominated in US dollars, and each series is deflated by the United 

Nations unit value index. 
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Table A2.  Unit Root Test Results on the Common and Group Factors  

  Estimated From the DFM 

 

Test type Test Statistics 
Factors 

Common Food Non-food Metal 

ADF 
ADF -3.79* -3.33 -3.01 -4.34* 

lag 1 2 2 1 

LM 
LM -3.70* -3.26* -2.47 -3.91* 

lag 0 1 1 0 

Level_2 

Level_2 -4.72* -7.85* -5.25* -4.77* 

Tb1 1986 1931 1950 1955 

Tb2 2007 1950 1952 2004 

lag 0 2 2 1 

Trend_2 

Trend_2 -4.56 -5.94* -5.01 -5.92* 

Tb1 1939 1931 1950 1919 

Tb2 1975 1950 1952 2004 

Lag 0 2 2 0 

Fourier_ADF 

Four_ADF -4.28 -4.84* -4.49* -1.76 

freq 1 1 2 3 

lag 1 3 2 8 

Fourier_LM 

Four_LM -4.30* -4.51* -4.37* -1.76 

freq 1 1 1 2 

lag 0 3 2 8 

Note: Tb1 and Tb2 denote the estimated break years from the corresponding tests based on dummy 

variables. Here, freq denotes the estimated frequency in the Fourier function, and lag is the estimated 

augmented lag in the testing regressions. 
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Table A3. Estimation Results of the Common Fourier Trend  

and Common Linear Trend Function  

 

Fourier trend rho 
Fourier 

Freq constant trend w1t w2t Ft Gt 

No RALS 
coeff  3 1.15 -0.0012     

t-stat   16.47 -1.03     

RALS1 
coeff 0.045 3 2.74 0.0006 0.164 -0.015   

t-stat   150.4 2.34 233.4 -161.6   

RALS2 
coeff 0.045 3 2.75 0.0005 0.164 -0.015 0.014 -0.004 

t-stat   148.1 1.76 233.1 -159.2 2.48 -1.06 

 

Linear trend rho  constant trend w1t w2t Ft Gt 

No RALS 
coeff  - 1.45 -0.006     

t-stat   43.9 -13.0     

RALS1 
coeff 0.044 - 3.036 -0.005 0.161 -0.014   

t-stat   241.2 -44.3 235.9 -162.1   

RALS2 
coeff 0.043 - 3.022 -0.004 0.161 -0.014 0.034 -0.002 

t-stat   239.7 -30.4 237.3 -159.0 7.55 -0.71 

 

Note: RALS1 includes non-normal errors, and RALS2 includes estimated factors additionally in the 

trend regression model. “rho” denotes the estimate of the signal-to-noise ratio, which captures the ratio 

of variances.  
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Part B 

Estimation Procedures of the Factor Models 

1. Principal Component Analysis (PCA) 

Let 𝑦𝑖,𝑡 denote the variable of interest for country i at time t, for i=1, …, N and t=1, …, 

T. Then it can be stated that a finite number of k (< N) common factors can explain the variance 

of 𝑦𝑖,𝑡 based on the following linear model:  

, 'i t i t ity F = +           (A1) 

where 𝐹𝑡 is a kx1 common factors, 𝜆𝑖 is a kx1 vector of factor loadings that measures the 

sensitivity of the unit i to common factors and 𝜀𝑖,𝑡 captures the component of 𝑦𝑖,𝑡.  

The traditional way of estimating the model given in (1) is using the principal components 

estimator, which minimizes the following sum of squared errors 

2

1 1

1
( ) ( ' )

N T

it i t

i t

V k m F
NT


= =

= −           (A2) 

Let Y denote a TxN matrix of the variables to examine. It can be shown that the estimate of the 

factor, ˆ
tF   is given by the first k leading eigenvectors of YY’ multiplied by 1/2T . The matrix of 

factor loadings can then be constructed as Λ̂ = 𝑌′𝐹�̂�/𝑇. Bai (2003) shows that under the general 

condition ˆ/ 0,  ( )  (0, )d

t t FN T N F HF N V→ − ⎯⎯→  where H is the rotation matrix and FV  is 

the asymptotic variance matrix. 

We use the following information criterion proposed by Bai and Ng (2002) to determine 

the optimal number of latent factors to include in our model 

2

2( ) ln( ( )) ln( )NT

N T
IC k V k k C

NT

+ 
= +  

 
         (A3) 

                          with  1/2 1/2min ,NTC N T= . 



 

 

113 

 

 

 

 

2. Dynamic Factor Models (DFM)  

Following the influential work of Del Negro and Otrok (2008), we consider the following 

dynamic latent factor model with common and regional factors: 

 𝑦𝑖,𝑡 = 𝛼𝑖 + 𝛽𝑖,𝑡
𝑤 𝑓𝑡

𝑤 + 𝛽𝑖,𝑡
𝑟 𝑓𝑡

𝑟 + 𝜀𝑖,𝑡 (A4) 

where 𝑦𝑖,𝑡 is the variable of interest of country i at time t, both 𝑓𝑡
𝑤 and 𝑓𝑡

𝑟 represent common and 

group factors, respectively. 𝛽𝑖,𝑡
𝑤   and 𝛽𝑖,𝑡

𝑟  are factor loadings, which measure changing 

sensitivities of country i to common and group factors. They are assumed to follow a random 

walk process: 

 𝛽𝑖,𝑡 = 𝛽𝑖,𝑡−1 + 𝜂𝑖,𝑡 (A5) 

where,  𝜂𝑖,𝑡~ N(0, 𝜎𝜂) and assumed to be random across countries. This assumption is necessary 

for the comovements to stem solely from global and regional factors.  

The idiosyncratic component in this setup, given by 𝜀𝑖,𝑡, is believed to capture variances 

solely characteristic to a given country and measurement errors in the data. Following the 

standard technique in dynamic factor literature, we allow factors and idiosyncratic term to follow 

AR (q) and AR (𝑝𝑖) processes, respectively: 

 𝑓𝑡 = 𝜙0,1 
𝑓𝑡−1 + ⋯ + 𝜙0,𝑞𝑓𝑡−𝑞 + 𝑒 

ℎ0,𝑡𝑢0,𝑡 (A6) 

 𝜀𝑖,𝑡 = 𝜙𝑖,1𝜀𝑖,𝑡−1 + ⋯ + 𝜙𝑖,𝑝𝑖
𝜀𝑖,𝑡−𝑝𝑖

+ 𝑒ℎ𝑖,𝑡𝑢𝑖,𝑡 (A7) 
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where both 𝑢𝑡, 𝑣𝑖,𝑡~ i.i.d. N (0,1), for i =1,2…n and 𝜎𝑖  
represents the standard deviation of 𝜀𝑖. 

The stochastic volatility is introduced to the model through the term 𝑒ℎ𝑖,𝑡  for i =0,1…n which 

follow the following random walk process: 

 ℎ𝑖,𝑡 = ℎ𝑖,𝑡−1 + 𝜎𝑖
ℎ𝑣𝑖,𝑡 

, 𝑖 = 0,1, … , 𝑛 (A8) 

 where 𝜁𝑖,𝑡~ N(0, 𝜎𝜁) and 𝜎𝑖
ℎ represents the standard deviation of ℎ𝑖,𝑡 measuring the degree of 

time-variation in factors.  The key assumption in the above-stated model is that 𝑣𝑖,𝑡’s are 

independently and identically distributed across countries and across time which removes the 

possibility of cross-sectional dependences in idiosyncratic terms. Besides, several other 

identification restrictions are needed for the model to be well-defined, which will be presented in 

full detail once our project is concluded.  

Then, one can conduct variance decomposition analyses using the main equation to see 

how the importance of various factors in explaining the variation of the variable has changed 

over time. We use the following equation to derive our estimates for variance contributions: 

 𝑉𝑎𝑟(𝑚𝑖,𝑡) = 𝛽𝑖,𝑡
𝑤 2

𝑉𝑎𝑟(𝑓𝑡
𝑤) + 𝛽𝑖,𝑡

𝑟 2
𝑉𝑎𝑟(𝑓𝑡

𝑟) + 𝑉𝑎𝑟(𝜀𝑖,𝑡) (A9) 

Then, the variance contributions of common and group factors can be constructed as follows: 

 
𝜃𝑖,𝑡

𝑤 =
𝛽𝑖,𝑡

2 𝑣𝑎𝑟(𝑓𝑡
𝑤)

𝑣𝑎𝑟(𝑦𝑖,𝑡)
  ,       𝜃𝑖,𝑡

𝑟 =
𝛾𝑖,𝑡

2 𝑣𝑎𝑟(𝑓𝑡
𝑟)

𝑣𝑎𝑟(𝑦𝑖,𝑡)
 (A10) 
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(Online Appendix C) 

Table C1. Estimated Fourier Nonlinear Trends for Each Series 

Banana/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt BIC SSR 

  No RALS coeff 1 0 1.33 -0.05 insignificant         -2.29 10.29 

    t-stat    24.3 -0.6               

  RALS1 coeff 0.65 0 1.36 -0.12 insignificant 1.92 -2.90     -2.73 6.59 

    t-stat    30.7 -1.6   7.8 -6.1         

  RALS2 coeff 0.64 0 1.33 -0.06 insignificant 1.95 -2.61 0.06 -0.01 -2.77* 6.34 

    t-stat    28.3 -0.6   8.0 -5.3 2.1 -0.3     

Banana/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 0.85 0.90          -3.21 3.21 

    t-stat    12.5 6.9              

  RALS1 coeff 0.96 3 0.83 0.94  -0.39 2.81     -3.27 3.02 

    t-stat    12.4 7.3  -0.9 2.4         

  RALS2 coeff 0.89 3 0.75 1.01  -0.67 2.53 -0.08 0.03 -3.37* 2.74 

    t-stat    11.0 7.7  -1.5 2.3 -3.0 1.7     

Beef/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.07 1.05 positive         -2.97 5.18 

    t-stat    1.9 15.7               

  RALS1 coeff 0.92 0 0.10 0.99 positive 1.21 -0.78     -3.08 4.67 

    t-stat    2.7 14.9   2.9 -0.9         

  RALS2 coeff 0.89 0 0.12 1.11 positive 1.64 -1.16 0.01 -0.05 -3.13* 4.44 

    t-stat    2.9 12.9   3.5 -1.3 0.2 -2.4     

Beef/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 -0.01 1.21          -3.60 2.17 

    t-stat    -0.2 11.3              

  RALS1 coeff 0.80 3 -0.01 1.21  -0.02 2.93     -3.85 1.69 

    t-stat    -0.2 12.7  -0.1 3.7         

  RALS2 coeff 0.77 3 -0.04 1.26  0.00 3.04 -0.04 0.01 -3.90* 1.62 

    t-stat    -0.8 12.5   0.0 3.9 -2.2 0.6     

Cocoa/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.42 -0.06 insignificant         -3.13 4.44 

    t-stat    11.8 -0.9               

  RALS1 coeff 0.53 0 0.39 0.00 insignificant 3.49 -3.51     -3.78 2.31 

    t-stat    14.8 0.1   8.9 -5.9         

  RALS2 coeff 0.44 0 0.35 0.07 insignificant 3.32 -3.42 0.08 -0.01 -3.98* 1.90 

    t-stat    13.8 1.2   8.6 -5.7 4.9 -0.5     
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Cocoa/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 0.46 -0.13          -3.57 2.25 

    t-stat    8.2 -1.2              

  RALS1 coeff 0.63 3 0.49 -0.19  3.16 -2.73     -4.05 1.38 

    t-stat    10.9 -2.2  5.3 -2.4         

  RALS2 coeff 0.49 3 0.51 -0.35  2.80 -2.01 0.08 0.03 -4.31* 1.07 

    t-stat    12.0 -4.2  5.2 -2.0 4.8 2.3     

Coffee/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.44 0.07 insignificant         -2.94 5.38 

    t-stat    11.0 1.1               

  RALS1 coeff 0.46 0 0.46 0.02 insignificant 2.88 -2.43     -3.72 2.45 

    t-stat    17.1 0.5   9.9 -5.9         

  RALS2 coeff 0.32 0 0.40 0.12 positive 2.45 -1.99 0.11 -0.01 -4.10* 1.68 

    t-stat    16.5 2.2   9.1 -5.3 7.1 -0.5     

Coffee/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 0.35 0.25          -3.22 3.45 

    t-stat    5.9 2.2              

  RALS1 coeff 0.41 2 0.37 0.21  4.35 -4.56     -4.14 1.38 

    t-stat    9.8 2.9  11.2 -7.4         

  RALS2 coeff 0.36 2 0.41 0.19  4.15 -4.46 0.06 -0.03 -4.27* 1.21 

    t-stat    10.9 2.6   10.9 -7.4 3.4 -2.3     

Lamb/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.04 1.14 positive         -3.22 4.05 

    t-stat    1.0 19.2               

  RALS1 coeff 1.01 0 0.03 1.14 positive -0.22 0.40     -3.23 4.03 

    t-stat    1.0 18.8   -0.6 0.3         

  RALS2 coeff 0.95 0 0.05 1.28 positive 0.35 -0.13 0.00 -0.05 -3.31* 3.72 

    t-stat    1.5 16.2   0.8 -0.1 -0.1 -3.0     

Lamb/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 -0.01 1.23          -3.70 1.98 

    t-stat    -0.2 12.0              

  RALS1 coeff 0.94 3 -0.01 1.23  0.82 4.65     -3.78 1.82 

    t-stat    -0.3 12.4  1.5 3.1         

  RALS2 coeff 0.95 3 -0.02 1.21  0.67 4.57 0.00 0.01 -3.78* 1.81 

    t-stat    -0.4 11.3   1.2 3.0 0.2 0.7     
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Maize/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 2.07 -1.40 negative         -1.76 17.36 

    t-stat    29.1 -11.5               

  RALS1 coeff 0.85 0 2.00 -1.27 negative 0.53 0.07     -1.95 14.47 

    t-stat    29.5 -10.7   2.9 0.4         

  RALS2 coeff 0.46 0 1.85 -1.16 negative 0.34 0.09 0.30 0.01 -2.59* 7.63 

    t-stat    35.7 -10.0   2.5 0.7 9.5 0.6     

Maize/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 1 1.74 -0.75          -1.90 14.06 

    t-stat    18.3 -4.2              

  RALS1 coeff 0.80 2 1.56 -0.40  0.21 0.49     -2.13 10.29 

    t-stat    15.1 -2.0  1.2 3.1         

  RALS2 coeff 0.45 2 1.57 -0.88  0.04 0.35 0.31 0.10 -2.73* 5.63 

    t-stat    19.0 -5.6   0.3 2.8 8.5 3.6     

Palmoil/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.57 -1.10 negative         -1.92 14.85 

    t-stat    24.0 -9.7               

  RALS1 coeff 0.47 0 1.47 -0.90 negative 1.30 -0.38     -2.70 6.82 

    t-stat    32.1 -11.3   6.1 -4.1         

  RALS2 coeff 0.18 0 1.36 -0.77 negative 0.71 -0.15 0.26 -0.01 -3.70* 2.52 

    t-stat    46.4 -11.9   5.2 -2.5 13.4 -0.5     

Palmoil/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 1.20 -0.36          -1.95 12.34 

    t-stat    10.7 -1.7              

  RALS1 coeff 0.37 2 1.28 -0.52  1.43 -0.43     -2.97 4.45 

    t-stat    18.8 -4.0  7.3 -4.9         

  RALS2 coeff 0.18 1 1.31 -0.74  0.59 -0.10 0.27 0.01 -3.64* 2.47 

    t-stat    31.1 -8.8  4.3 -1.7 13.4 0.9     

Rice/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.84 -1.32 negative         -2.14 11.94 

    t-stat    31.2 -13.0               

  RALS1 coeff 0.85 0 1.81 -1.26 negative 0.75 -0.13     -2.31 10.02 

    t-stat    32.3 -12.9   3.1 -0.5         

  RALS2 coeff 0.74 0 1.75 -1.10 negative 0.51 0.08 0.15 -0.03 -2.47* 8.55 

    t-stat    32.0 -9.1   2.2 0.3 4.4 -1.2     
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Rice/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 1.54 -0.73          -2.23 9.30 

    t-stat    15.8 -3.9              

  RALS1 coeff 0.84 2 1.55 -0.75  0.06 0.85     -2.42 7.68 

    t-stat    17.2 -4.3  0.3 3.4         

  RALS2 coeff 0.80 2 1.58 -0.84  -0.21 1.07 0.12 -0.01 -2.49* 7.17 

    t-stat    16.7 -4.7   -0.9 4.2 2.8 -0.2     

Sugar/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 2.02 -1.33 negative         -0.65 53.09 

    t-stat    16.2 -6.2               

  RALS1 coeff 0.36 0 1.94 -1.17 negative 0.81 -0.16     -1.70 18.52 

    t-stat    26.0 -9.1   9.0 -5.7         

  RALS2 coeff 0.30 0 1.84 -0.87 negative 0.76 -0.15 0.21 -0.06 -1.88* 15.42 

    t-stat    25.4 -5.4   9.1 -5.7 4.7 -1.8     

Sugar/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 1.66 -0.62          -0.69 43.40 

    t-stat    7.9 -1.6              

  RALS1 coeff 0.30 1 2.07 -1.44  0.88 -0.19     -1.82 15.14 

    t-stat    20.8 -7.8  10.5 -6.9         

  RALS2 coeff 0.19 1 1.97 -1.57  0.77 -0.16 0.31 0.05 -2.32* 9.24 

    t-stat    24.3 -9.6   11.3 -7.4 8.2 1.7     

Tea/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.32 -0.58 negative         -2.30 10.13 

    t-stat    24.3 -6.2               

  RALS1 coeff 0.71 0 1.29 -0.52 negative 1.50 -1.08     -2.67 7.04 

    t-stat    28.2 -6.6   6.6 -2.6         

  RALS2 coeff 0.60 0 1.23 -0.50 negative 1.24 -0.76 0.12 0.02 -2.86* 5.83 

    t-stat    27.6 -4.8   5.7 -1.9 4.3 0.7     

Tea/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 1.19 -0.32          -3.01 4.28 

    t-stat    18.1 -2.6              

  RALS1 coeff 0.95 2 1.19 -0.31  0.32 1.72     -3.08 3.97 

    t-stat    18.5 -2.5  0.9 1.7         

  RALS2 coeff 0.93 2 1.23 -0.25  0.23 1.93 0.01 -0.05 -3.12* 3.82 

    t-stat    18.2 -1.9   0.6 1.9 0.3 -2.1     
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Wheat/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.96 -1.19 negative         -1.99 13.81 

    t-stat    31.0 -10.9               

  RALS1 coeff 0.71 0 1.89 -1.05 negative 1.40 -0.95     -2.36 9.57 

    t-stat    34.9 -11.2   6.8 -3.3         

  RALS2 coeff 0.48 0 1.79 -0.84 negative 1.01 -0.65 0.22 -0.03 -2.77* 6.37 

    t-stat    38.6 -8.1   5.7 -2.7 7.5 -1.6     

Wheat/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 1.50 -0.27          -2.08 10.75 

    t-stat    14.3 -1.4              

  RALS1 coeff 0.69 3 1.50 -0.27  1.64 -1.15     -2.43 7.01 

    t-stat    14.7 -1.4  5.8 -2.3         

  RALS2 coeff 0.40 3 1.54 -0.70  0.68 -0.14 0.28 0.06 -2.99* 3.99 

    t-stat    18.7 -4.4  2.8 -0.4 8.7 2.7     

Cotton/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.92 -1.44 negative         -2.06 12.98 

    t-stat    31.2 -13.6               

  RALS1 coeff 0.82 0 1.80 -1.21 negative 1.15 -1.11     -2.27 10.49 

    t-stat    30.1 -11.5   5.2 -2.8         

  RALS2 coeff 0.41 0 1.66 -0.79 negative 0.60 -0.37 0.27 -0.10 -2.98* 5.17 

    t-stat    35.6 -4.9   3.6 -1.2 10.3 -2.3     

Cotton/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 1.34 -0.30          -2.59 5.96 

    t-stat    14.6 -1.7              

  RALS1 coeff 0.89 3 1.39 -0.39  0.63 1.25     -2.73 5.21 

    t-stat    15.9 -2.3  1.9 1.6         

  RALS2 coeff 0.49 3 1.52 -0.66  0.11 2.04 0.24 -0.03 -3.35* 2.79 

    t-stat    22.9 -3.7   0.4 3.5 9.5 -0.8     

Hides/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.63 -1.05 negative         -1.91 14.96 

    t-stat    24.7 -9.2               

  RALS1 coeff 0.60 0 1.50 -0.78 negative 1.66 -0.99     -2.43 8.89 

    t-stat    27.7 -8.3   7.1 -3.7         

  RALS2 coeff 0.54 0 1.40 -0.09 insignificant 1.53 -0.83 0.00 -0.20 -2.57* 7.77 

    t-stat    24.5 -0.4   6.8 -3.2 0.1 -4.0     
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Hides/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 1.20 -0.19          -2.09 9.84 

    t-stat    10.2 -0.8              

  RALS1 coeff 0.68 1 1.44 -0.66  1.29 -0.43     -2.38 8.64 

    t-stat    18.6 -4.6  5.7 -1.5         

  RALS2 coeff 0.63 3 1.34 0.02  0.47 1.05 0.15 -0.22 -2.60* 5.94 

    t-stat    13.8 0.1   2.5 4.0 4.0 -3.6     

Jute/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 1.51 -0.61 negative         -1.59 20.77 

    t-stat    19.4 -4.6               

  RALS1 coeff 0.46 0 1.46 -0.52 negative 1.82 -1.44     -2.37 9.48 

    t-stat    27.5 -5.6   11.7 -8.3         

  RALS2 coeff 0.25 0 1.29 -0.02 insignificant 1.46 -1.16 0.24 -0.10 -3.00* 5.07 

    t-stat    28.4 -0.1   12.0 -8.5 9.4 -2.4     

Jute/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 0.89 0.62          -2.14 9.36 

    t-stat    7.7 2.8              

  RALS1 coeff 0.47 2 1.01 0.38  2.29 -1.93     -2.89 4.79 

    t-stat    14.3 2.8  10.2 -5.6         

  RALS2 coeff 0.43 2 1.02 0.62  2.17 -2.04 0.09 -0.12 -3.01* 4.25 

    t-stat    14.9 3.1   10.0 -6.1 2.7 -2.3     

Rubber/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 6.11 -7.14 negative         1.61 505.92 

    t-stat    15.9 -10.8               

  RALS1 coeff 0.56 0 4.85 -4.65 negative 0.26 -0.02     1.01 278.89 

    t-stat    15.4 -8.4   7.7 -3.3         

  RALS2 coeff 0.56 0 4.64 -4.43 negative 0.28 -0.02 0.29 0.03 0.99* 273.59 

    t-stat    12.7 -3.9   7.6 -3.6 1.5 0.1     

Rubber/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 6.35 -7.62          0.57 140.62 

    t-stat    14.2 -8.9              

  RALS1 coeff 0.66 3 6.61 -8.14  -0.06 0.06     0.13 90.58 

    t-stat    17.9 -11.4  -1.3 5.5         

  RALS2 coeff 0.61 3 6.72 -6.78  -0.07 0.06 0.18 -0.66 0.03* 82.09 

    t-stat    18.5 -7.2   -1.4 5.8 1.4 -2.9     
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Timber/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.38 0.65 positive         -4.08 1.71 

    t-stat    17.1 16.9               

  RALS1 coeff 0.56 0 0.38 0.66 positive 4.44 -7.33     -4.68 0.95 

    t-stat    22.1 22.5   8.1 -3.8         

  RALS2 coeff 0.44 0 0.34 0.72 positive 3.73 -6.41 0.06 -0.01 -4.95* 0.72 

    t-stat    19.9 12.2   7.5 -3.7 5.9 -0.4     

Timber/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 1 0.41 0.60          -4.05 1.63 

    t-stat    12.6 9.9              

  RALS1 coeff 0.56 1 0.40 0.61  4.11 -5.58     -4.65 0.90 

    t-stat    16.6 13.3  7.3 -3.1         

  RALS2 coeff 0.40 1 0.40 0.73  3.48 -5.19 0.06 -0.05 -5.00* 0.63 

    t-stat    19.0 13.0   7.2 -3.4 6.1 -3.0     

Tobacco/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.56 0.60 positive         -3.29 3.79 

    t-stat    16.8 10.6               

  RALS1 coeff 0.56 0 0.58 0.56 positive 0.28 -14.18     -3.89 2.07 

    t-stat    23.4 13.0   0.7 -9.7         

  RALS2 coeff 0.49 0 0.58 0.36 positive 0.35 -12.72 0.05 0.07 -4.03* 1.80 

    t-stat    21.4 3.9   0.9 -8.9 3.2 2.8     

Tobacco/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 0.35 1.01          -4.06 1.49 

    t-stat    9.0 13.6              

  RALS1 coeff 0.90 2 0.35 1.02  2.51 -3.60     -4.18 1.32 

    t-stat    9.4 14.4  3.4 -1.0         

  RALS2 coeff 0.81 2 0.36 0.79  2.40 -3.98 -0.02 0.09 -4.31* 1.16 

    t-stat    9.9 7.4  3.5 -1.2 -1.3 3.3     

Wool/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 2.95 -2.41 negative         -1.05 35.39 

    t-stat    29.1 -13.8               

  RALS1 coeff 0.77 0 2.81 -2.13 negative 0.81 -0.35     -1.33 26.90 

    t-stat    30.5 -13.3   5.9 -3.2         

  RALS2 coeff 0.25 0 2.40 0.20 insignificant 0.18 -0.19 0.39 -0.67 -2.47* 8.57 

    t-stat    40.5 0.9   2.0 -3.1 11.6 -11.3     
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Wool/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 1 2.12 -0.76          -1.74 16.40 

    t-stat    20.6 -4.0              

  RALS1 coeff 0.73 1 2.10 -0.72  -0.03 0.66     -2.07 11.81 

    t-stat    23.9 -4.4  -0.2 4.3         

  RALS2 coeff 0.34 2 1.98 0.60  0.00 0.09 0.32 -0.49 -2.84* 5.04 

    t-stat    26.4 2.6   0.0 0.8 9.0 -7.6     

Aluminum/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 3.31 -3.18 negative         -0.45 64.54 

    t-stat    24.2 -13.5               

  RALS1 coeff 0.64 0 3.01 -2.59 negative 0.59 -0.10     -0.91 40.67 

    t-stat    26.1 -12.8   5.9 -2.7         

  RALS2 coeff 0.46 0 3.09 -2.09 negative 0.70 -0.15 -0.20 -0.22 -1.26* 28.79 

    t-stat    29.6 -9.5   8.0 -4.5 -3.4 -5.0     

Aluminum/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 1 3.65 -3.85          -0.98 35.16 

    t-stat    24.3 -13.7              

  RALS1 coeff 0.55 3 3.90 -4.35  0.56 -0.06     -1.53 17.28 

    t-stat    24.6 -14.2  3.9 -1.3         

  RALS2 coeff 0.49 3 3.68 -3.52  0.55 -0.07 0.00 -0.16 -1.67* 14.95 

    t-stat    22.9 -9.8   4.0 -1.7 0.0 -4.1     

Copper/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.99 0.35 positive         -1.43 24.28 

    t-stat    11.7 2.5               

  RALS1 coeff 0.42 0 1.10 0.13 insignificant 1.58 -1.36     -2.32 9.97 

    t-stat    19.2 1.2   12.8 -7.8         

  RALS2 coeff 0.30 0 0.99 0.18 insignificant 1.60 -1.45 0.19 0.03 -2.68* 6.96 

    t-stat    19.5 1.7   15.4 -9.8 6.4 1.5     

Copper/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 0.59 1.15          -2.24 9.20 

    t-stat    6.1 6.2              

  RALS1 coeff 0.75 3 0.74 0.85  1.24 0.06     -2.52 6.40 

    t-stat    7.6 4.6  4.6 0.1         

  RALS2 coeff 0.67 3 0.83 0.55  1.11 -0.01 0.14 0.02 -2.67* 5.54 

    t-stat    8.6 2.5  4.3 0.0 3.9 0.8     
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Lead/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.81 0.01 insignificant         -2.47 8.61 

    t-stat    16.1 0.1               

  RALS1 coeff 0.91 0 0.92 -0.21 insignificant 1.29 -1.57     -2.58 7.67 

    t-stat    16.0 -2.0   3.7 -2.4         

  RALS2 coeff 0.49 0 0.79 -0.17 negative 1.01 -0.87 0.20 0.05 -3.21* 4.09 

    t-stat    18.0 -1.9   3.9 -1.7 8.4 2.8     

Lead/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 0.41 0.81          -3.15 3.43 

    t-stat    5.8 6.0              

  RALS1 coeff 0.72 3 0.44 0.74  2.40 -1.86     -3.49 2.42 

    t-stat    7.3 6.5  5.2 -2.3         

  RALS2 coeff 0.50 3 0.48 0.64  1.27 -0.12 0.14 -0.02 -3.87* 1.66 

    t-stat    9.0 5.4   3.0 -0.2 6.9 -1.5     

Silver/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.29 0.64 positive         -1.95 14.43 

    t-stat    4.5 5.8               

  RALS1 coeff 0.35 0 0.47 0.28 positive 2.16 -1.12     -3.00 5.03 

    t-stat    11.7 3.9   10.7 -7.2         

  RALS2 coeff 0.31 0 0.42 0.32 positive 2.17 -1.16 0.09 0.01 -3.15* 4.35 

    t-stat    10.2 3.7   11.4 -7.9 3.9 0.6     

Silver/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 0.00 1.22          -2.49 6.62 

    t-stat    0.0 6.5              

  RALS1 coeff 0.28 2 0.11 1.00  2.07 -0.99     -3.50 2.60 

    t-stat    2.1 10.0  10.7 -6.8         

  RALS2 coeff 0.30 3 0.24 0.70  1.18 -0.32 0.13 -0.01 -3.73* 1.91 

    t-stat    3.8 5.2  4.5 -1.5 6.0 -0.6     

Tin/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.35 0.30 positive         -3.09 4.59 

    t-stat    9.5 4.8               

  RALS1 coeff 0.94 0 0.41 0.16 positive 1.38 -2.39     -3.17 4.26 

    t-stat    9.8 2.2   3.0 -1.5         

  RALS2 coeff 0.49 0 0.29 0.40 positive 0.93 -0.97 0.17 -0.03 -3.84* 2.18 

    t-stat    8.3 4.7   2.2 -0.8 10.4 -2.0     
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Tin/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 3 0.10 0.79          -3.96 1.51 

    t-stat    2.1 8.9              

  RALS1 coeff 0.82 3 0.17 0.64  3.99 -14.73     -4.18 1.22 

    t-stat    3.9 7.5  5.0 -3.6         

  RALS2 coeff 0.43 3 0.16 0.69  2.09 -6.42 0.12 -0.03 -4.85* 0.63 

    t-stat    4.8 9.5   3.4 -2.1 9.4 -4.3     

Zinc/Linear rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 0 0.93 0.34 positive         -1.95 14.49 

    t-stat    14.3 3.0               

  RALS1 coeff 0.35 0 1.01 0.18 positive 1.59 -0.71     -3.03 4.92 

    t-stat    25.7 2.6   9.1 -5.2         

  RALS2 coeff 0.25 0 0.94 0.19 positive 1.56 -0.68 0.13 0.03 -3.38* 3.47 

    t-stat    26.7 2.7   10.3 -5.8 6.2 1.8     

Zinc/Fourier rho opt freq constant trend sign of trend w1t w2t Ft Gt   SSR 

  No RALS coeff 1 2 0.66 0.87          -2.06 10.98 

    t-stat    6.2 4.3              

  RALS1 coeff 0.29 3 0.62 0.94  1.77 -0.81     -3.31 2.90 

    t-stat    9.5 7.5  7.8 -4.3         

  RALS2 coeff 0.27 3 0.67 0.79  1.60 -0.68 0.08 0.01 -3.42* 2.62 

    t-stat    10.0 5.4  7.1 -3.7 3.3 0.5     
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Table C2. Details of Counting the Prevalences of Negative and Positive Trends 

Variable 
No. of Years Percentage Sub-Periods (u=up, d= down) 

Neg Insig Pos Neg Insig Pos (-1 = negative, 0 = insignificant, 1 = positive) 

Banana 52 0 67 43.7 0 56.3 0-41(u) 42-93(d) 94-118(u)         

              1 -1 1      

Beef 0 68 51 0.0 57.1 42.9 0-10(u) 11-17(d) 18-36(u) 37-47(d) 48-77(u) 78-97(d) 98-118(u) 

              0 0 0 0 1 0 1 

Cocoa 54 0 65 45.4 0 54.6 0-29(d) 30-76(u) 77-101(d) 102-118(u)     

              -1 1 -1 1     

Coffee 34 49 36 28.6 41 30.3 0-19(u) 20-32(d) 33-68(u) 69-102(d) 103-118(u)    

              0 0 1 -1 0    

Lamb 0 92 27 0.0 77 22.7 0-13(d) 14-36(u) 37-54(d) 55-80(u) 81-92(d) 93-118(u)   

              0 0 0 0 0 1   

Maize 78 41 0 65.5 34 0.0 0-20(u) 21-98(d) 99-118(u)      

              0 -1 0      

Palmoil 86 33 0 72.3 28 0.0 0-23(u) 24-109(d) 110-118(u)      

              0 -1 0      

Rice 37 82 0 31.1 69 0.0 0-11(u) 12-44(d) 45-62(u) 63-99(d) 100-118(u)    

              0 0 0 -1 0    

Sugar 119 0 0 100.0 0 0 0-118(d)        

              -1        

Tea 40 79 0 33.6 66 0.0 0-22(d) 23-55(u) 56-95(d) 96-118(u)     

              0 0 -1 0     

Wheat 76 43 0 63.9 36 0.0 0-15(u) 16-43(d) 44-53(u) 54-101(d) 102-118(u)    

              0 -1 0 -1 0    

Cotton 53 66 0 44.5 55 0.0 0-16(u) 17-36(d) 37-54(u) 55-107(d) 108-118(u)    

              0 0 0 -1 0    

Hides 25 80 14 21.0 67.2 11.8 0-14(u) 15-39(d) 40-46(u) 47-70(d) 71-90(u) 91-108(d) 109-118(u) 

              1 -1 0 0 0 0 0 

Jute 36 61 22 30.3 51 18.5 0-16(u) 17-34(d) 35-61(u) 62-97(d) 98-118(u)    

              0 0 0 -1 1    

Rubber 35 84 0 29.4 71 0.0 0-35(d) 36-51(u) 52-73(d) 74-84(u) 85-102(d) 103-118(u)   

              -1 0 0 0 0 0   

Timber 0 0 119 0 0 100 0-118(u)        

              1        

Tobacco 0 48 71 0.0 40 59.7 0-71(u) 72-99(d) 100-118(u)      

              1 0 0      

Wool 70 49 0 58.8 41 0.0 0-25(u) 26-95(d) 96-118(u)      

              0 -1 0      
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Aluminum 57 62 0 47.9 52 0.0 0-57(d) 58-74(u) 75-95(d) 96-109(u) 110-118(d)    

              -1 0 0 0 0    

Copper 63 0 56 52.9 0 47.1 0-40(d) 41-68(u) 69-91(d) 92-118(u)     

              -1 1 -1 1     

Lead 33 60 26 27.7 50 21.8 0-9(u) 10-27(d) 28-60(u) 61-93(d) 94-118(u)    

              0 0 0 -1 1    

Silver 0 73 46 0.0 61.3 38.7 0-6(u) 7-25(d) 26-36(u) 37-53(d) 54-78(u) 79-97(d) 98-118(u) 

              0 0 0 0 1 0 1 

Tin 23 53 43 19.3 44.5 36.1 0-9(u) 10-22(d) 23-39(u) 40-52(d) 53-76(u) 77-99(d) 100-118(u) 

              0 0 0 0 1 -1 1 

Zinc 22 75 22 18.5 63.0 18.5 0-10(u) 11-32(d) 33-52(u) 53-63(d) 64-80(u) 81-96(d) 97-118(u) 

              0 -1 0 0 0 0 1 

 


