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This study analyzes speculative role of inventory in the international energy 

and resources markets. The US Senate’s 2014 report, published with requests 

for inspection and regulation of financial markets following the financial 

crisis of 2008, clearly documents about speculative behaviors involved in 

many commodity markets.  

After the report, many research papers have investigated speculative 

inventories and debated whether the 2007–2008 price surge in crude oil was 

led by speculation or speculative inventories (Fattouh and Mahadeva, 2014; 

Kilian and Murphy, 2014; Singleton, 2014), and whether the hoarding of 

aluminum, copper, and other base metal inventories in the 2010s was the 

result of speculation and market manipulation (Stevens and Zhang, 2016; 

Tang and Zhu, 2016; Geman and Scheiber, 2017). These studies argue that 

inventories are not only exploited speculatively by direct operation but also 
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play a speculative role by delivering speculation from the futures and 

derivatives markets to the physical commodities market (Masters, 2008; 

Smith, 2009). 

In this context, this study seeks analytic evidence for the speculative role of 

inventories, by investigating crude oil and aluminum, which the US Senate 

(2014) report identified as having problematic speculative inventories. Also, 

this study includes analyses of copper markets, whose inventories were 

allegedly used for financial and speculative purposes in Asian regions.  

The first part of the study determines whether crude oil inventory serves as a 

buffer to cushion supply and demand shocks in the market or a speculative 

measure to pursue monetary profit. The second part of the study provides 

statistical evidence as to whether the opportunities for capital gains from 

inventory in the aluminum market have led to an increase in speculative 

inventories. The third part of the study provides evidence that China’s 

inventory hoarding for financial and speculative purposes includes not only 

its own inventory but also inventories of Asian nations in China’s sphere of 

influence.  

Empirical results of this study have the following academic and policy 

implications. First, this study provides academic and statistical evidence of 

speculative behaviors using inventories by identifying the speculative 

behavior of inventories in the crude oil, aluminum, and copper markets, 
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thereby academically supporting the US Senate’s (2014) arguments. Second, 

this study suggests needs for additional research on crude oil and aluminum 

to determine whether those speculative behaviors have caused economic and 

policy dysfunction in those markets. It is necessary to investigate whether 

speculative trading has affected the welfare of economic subjects and thus, 

whether they should be further supervised and regulated, as claimed in the 

report of the US Senate (2014). Finally, by confirming that copper inventories 

in Asian countries were used as a means for financial speculation in China, 

this study suggests needs for political implications on observing any 

speculative uses of inventories and inventory flow for stable procurement of 

domestic copper volumes. Overall, this study finds evidence of speculative 

behaviors in the international and regional commodities market and advances 

the arguments of the US Senate (2014) report on the speculative role of 

inventories.  

Keyword : Speculation, Inventory, Theory of storage, Convenience yield, 

Bayesian approach 

Student Number : 2015-31061 
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 1 

Introduction 

Chapter 1 Motivation 

This thesis examines speculative inventories in energy and resources markets. 

The research question was motivated by a report from the Permanent 

Subcommittee on Investigations of the United States Senate (US Senate, 

2014). This report documents the financial and speculative behaviors of US 

investment banks that went beyond the banking business, such as 

involvement in physical trading and manipulation of the commodity markets 

to gain substantial extra profits. Among these, the most serious problem 

discussed was taking advantage of energy and resources inventories for their 

private interests. This report states that “Morgan Stanley controlled over 55 

million barrels of oil storage capacity, 100 oil tankers” and that “Goldman 

owned 1.5 million metric tons of aluminum warehouses which, in 2014, 

controlled 85% of the LME aluminum storage business in the United States 

(US Senate, 2014).” 

Such speculative use of inventories had rarely been discussed in existing 

inventory literature until the 2000s. Traditionally, in the energy and resources 

market, inventories were considered a counterweight to adjust the gap 

between supply and demand, a buffer to mitigate unexpected shocks and the 

last resort for procuring goods in emergencies. Since the oil shocks in the 
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1970s, inventories have served vital roles in preparing for supply disruptions 

and smoothing the supply of goods. Following the importance of inventories, 

academic research also has evolved with a focus on such precautionary and 

buffering roles of inventories. Since Kaldor (1939) defined convenience 

yield—non-monetary value accrued from inventories by maintaining stable 

supply and preparing for emergencies—the roles and behaviors of inventories 

were established in the theoretical framework as the theory of storage 

(Working, 1949; Brennan, 1958; Telser, 1958), with subsequent studies 

having developed the theory and analysis of inventories over several decades.  

From the advent of the theory of storage to the 2000s, the speculative role had 

never been central in the literature, but over the past decade, it has sparked 

heated debates in society and academia. Inventories of energy and resources 

have been criticized for being businesses and investments and for acting as a 

channel for transferring speculation in the financial market to the physical 

market. It has led to the argument that the traditional relationship between 

inventories and price no longer holds (US Senate, 2006; Masters, 2008; 

Singleton, 2014). In the 2010s, empirical analysis on speculative inventories 

incorporating an awareness of this problem exponentially increased (Fattouh 

et al., 2013; Kilian and Murphy, 2014; Kolodziej et al., 2014; Juvenal and 

Petrella, 2015; Chen et al., 2016; Diaz-Rainey et al., 2017; Herrera and 

Rangaraju, 2018). In the oil and agricultural markets, perspectives were 

sharply divided regarding whether speculative inventories caused the 2007-
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2008 price surge; in the base metal market, doubts were raised about whether 

speculative hoarding after 2010 was related to market manipulation.  

In this environment of such heated controversy surrounding speculation, I 

would like to raise two questions. The first question is: due to the speculative 

use, has inventory lost its fundamental roles? If speculation has encroached 

on the precautionary and buffering roles of inventory, this will be a matter 

that should be seriously considered. In the energy and resources market, 

inventory is conducting a pivotal role of physical measures to substitute 

commodity supply and to hedge fluctuations in the physical markets. Thus, it 

is required to diagnose the current state of inventory between speculative and 

traditional roles. The second question is: is the theory of storage useless for 

speculative inventory? In most studies on speculative inventory, the theory of 

storage, which has elucidated the behaviors of precautionary and buffering 

inventory in the past, no longer appears. However, this theory of storage 

stemmed from the Kaldor’s research, which originally aimed to investigate 

speculative inventories; thus, if it is expanded, this theory has the potential to 

provide a theoretical grounding for the speculative behavior of inventories. 

Therefore, this thesis attempts to explore the possibility of combining the 

theory of storage with speculative inventories.  

Based on this motivation, the purpose of this study is to investigate the 

speculative inventories in the energy and resources markets through a view 

balanced between the speculative and buffering functions of inventories and 
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with the expansion of the traditional theory of storage. Although previous 

studies developed speculation and the theory of storage as separate research 

fields, this thesis is expected to bridge the theoretical gap between speculative 

inventory and the theory of storage. This study investigates the oil, aluminum, 

and copper markets, the first two of which have been highlighted as areas of 

concern by the US Senate (2014) and the third of which has been a problem 

owing to related financial and speculative hoarding in the Chinese and the 

Asian markets. 
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Chapter 2 Theoretical background 

THEORY OF STORAGE Research on inventories in the energy and resources 

market dates back to Kaldor's study in the 1930s (Kaldor, 1939). Kaldor 

introduced the concept of convenience yield to explain the situations in which 

futures prices are lower than the sum of spot prices and cost of carry—with a 

financial loss to hold inventories from a monetary perspective—but inventory 

holders still maintain a certain level of inventory. According to his theory, this 

yield of inventories “consists of convenience, the possibility of making use 

of them the moment they are wanted” (p.6) as “a compensation to the holder 

of stocks” (p.3), and it decreases with increases in inventory.  

The definition of convenience yield became more concrete in later studies. 

According to Working (1949), “this convenience yield may offset what 

appears as a fairly large loss from exercise of the storage function itself” 

(p.1260); Brennan (1958) stated that “the convenience yield is attributed to 

the advantage (in terms of less delay and lower costs) of being able to keep 

regular customers satisfied or of being able to take advantage of a rise in 

demand and price without resorting to a revision of the production schedule” 

(p.53). They identified convenience yield as a convex function as well as a 

decreasing function of inventory.  

The relationship between inventory and convenience yield has been 

established as the theory of storage, and the curve between them has been 
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called the Working curve, named after Holbrook Working, who first 

demonstrated the theory of storage statistically. Since the advent of the theory 

and its concept, a number of studies have shown that the theory of storage 

holds in various energy and resources markets: representatively, for the oil 

and gas markets, Geman and Ohana (2009), Volmer (2011), and Nixon and 

Smith (2012); for the base metal markets, Geman and Smith (2013) and 

Stepanek et al. (2013); for the agricultural market, Carbonez et al. (2012), 

Carter and Giha (2007), and Pietola et al. (2010); for various commodities, 

Gospodinov and Ng (2011), Brooks et al. (2011), Symeonidis et al. (2012), 

Carpentier and Dufays (2013), and Brooks et al. (2013).  

CONVENIENCE YIELD Since convenience yield is not observable data, studies 

have developed methods to estimate it. First, the most intuitive and simple 

method is to derive the convenience yield from the cost-of-carry model, 

which is the foundation from which convenience yield originated. Thus, 

earlier studies have proxied convenience yield based on the cost-of-carry 

model by subtracting the spot price plus costs of holding inventory from 

futures prices. Fama and French (1987, 1988) formulated it as an interest-

adjusted basis (IAB) using interest rates as the cost, which has become the 

primary method of estimating convenience yield. They additionally found 

that considering the theory of storage, price volatility decreases as inventory 

decreases and IAB increases. Studies like Geman and Ohana (2009), 

Symeonidis et al. (2012), and Geman and Smith (2013) then showed the 
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Working curve or theory of storage by analyzing the relationship between 

IAB-computed convenience yield and price or price volatility.  

Second, methods for estimating the convenience yield of the option pricing 

model have been developed. This idea was conceived theoretically by Heinkel 

et al. (1990), who thought buying and holding inventories instead of futures 

contracts has the same decision mechanisms to purchase options and, 

therefore, convenience yield from holding inventory could be estimated to be 

an option value. Milonas and Tomadakis (1997) first calculated convenience 

yield through an option pricing model following Heinkel et al. (1990)’s idea. 

Milonas and Henker (2001), Lin and Duan (2007), West (2012), Dockner et 

al. (2015), and Zhao and Gu (2015) confirmed convenience yields being 

calculated as the option value. Since then, various option pricing methods 

such as the American option, the Asian option, and the exchange option 

models were applied to measuring convenience yield.  

Third, Gibson and Schwartz (1990) pioneered methods to estimate 

convenience yield through contingent claim models. In their methodologies, 

convenience yield is designed to follow a stochastic mean-reverting process, 

regarding a convenience yield as “a net dividend yield accruing to the owner 

of the physical commodity at the margin” (p.959). Following that, Schwartz 

(1997) and Milterson and Schwartz (1998) expanded model of Gibson and 

Schwartz (1990), and Carmona and Ludkovski (1991, 2004), Ribeiro and 

Hodges (2005), Kanamura (2010), Liu and Tang (2010, 2011), Dempster et 
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al. (2012), Prokopczuk and Wu (2012), Mirantes et al. (2013), Sévi (2015), 

Bernard et al. (2015), Almansour (2016), Lai and Mellios (2016), and 

Nakajima (2018a, b) applied and expanded their methodologies.  

BUFFER INVENTORY Since the 1970s, buffering and precautionary role of 

inventory, which provided convenience yield, has been highlighted due to its 

historical background. Hubbert predicted that in the 1970s the US oil 

production would peak and afterward become depleted in his 1956 paper 

(Hubbert, 1956), and indeed, in 1973 and 1979, as the first and second oil 

shocks broke out, leading to the world facing actual shortages of oil. Thereby, 

the IEA, which was established to prepare for emergencies in the global oil 

market, recommended that its member nations stock up on a portion of oil 

consumption as inventories.  

Under these circumstances, the role of inventory as balancing supply and 

demand and buffering shocks in the oil market became a subject of academic 

interest. Blinder (1982) demonstrated that inventories function as a buffer to 

mediate price fluctuations, which is known as the “sticky” price effect. In the 

analysis of Tiesberg (1981), Hubbard and Weiner (1986), Considine (1997) 

and Considine and Heo (2000) to assess the optimal size of inventory, 

inventories embodied as those being held for a convenience motive—to avoid 

the nuisance and cost of revisions of the production schedule to meet an 

unexpected increase in demand or disruptions in supply. They are referred to 

as convenience or buffering inventories since they absorb shocks of the oil 
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market and alleviate price fluctuations (Brennan, 1958). These studies 

recognized the importance of such inventories and tended to take a social 

planner’s view of using inventories to prepare for emergencies and buffer 

shocks. 

BUYING CHEAPLY AND SELLING DEARLY The fundamental scheme to operate 

inventory in the energy and resources market is to accumulate oversupplied 

commodities and release them when insufficient. On the contrary, however, 

one can store inventories based on the time-difference between the current 

price and expected future price. In this case, inventory is stored for sale at a 

higher price if the expected future price is higher than the current price (i.e., 

if the price is expected to rise). Such inventory solely for capital gain from 

the difference in prices is defined as speculative inventory (Kaldor, 1939; 

Brennan, 1958; Telser, 1958; Knittel and Pindyck, 2016)1. The speculative 

operation of inventories was regarded as rational decision on expected prices, 

without social and ethical recognition or negative nuance on speculation 

(Hirshleifer, 1988; 1990). The use of inventories on rational expectations was 

theorized and modeled by Williams and Wright (1991) and analyzed and 

demonstrated by Deaton and Laroque (1992, 1996) as the form of a rational 

                                                           

 
1  His research is known as the beginning of the theory of storage and 

convenience yield, but in fact it was the research to explain the impact of 

speculation on the economy and it’s the speculative role of inventories. He 

defined speculative inventory as accumulated or released quantities due to the 

difference between the expected future price and the current price, and he 

focused on discussing such speculative roles on price throughout the paper. 
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expectation competitive equilibrium (RECS) model. They confirmed that 

even if inventories were operated on speculative principles, price volatility 

would be smoother when inventories existed than when they did not exist due 

to the rationality in trades. Miranda (1997), Miranda and Fackler (2002), and 

Gouel (2013a) then provided strategies and programs to analyze RECS 

models. Gouel, in particular, published a series of analysis of the role of 

inventory in closed and small open economy models (Gouel 2011, 2013b; 

Gouel and Jean, 2012; Gouel and Legrand, 2016) and investigated social 

welfare with inventories. As such, the initial models of speculative inventory 

regarded the act of storing inventories at a lower price and selling them at a 

higher price as rational behaviors based on expectations.  

SPECULATIVE ROLE OF INVENTORY Entering the 2000s, the view on 

inventory had changed. It was argued that speculative inventories were a 

channel through which speculation in the futures market was transferred to 

the physical market. This caused political, social, and economic clashes, 

especially in the crude oil, base metals, and agricultural markets. In these 

markets, abnormal behaviors were observed, indicating that an increase in 

inventory is accompanied by surges of prices or premiums, acting as evidence 

of speculation and market manipulation. On this issue, Masters (2008) gave 

testimony before the Committee on Homeland Security and Governmental 

Affairs of the US Senate that the 2007-2008 price spike in the commodities 

markets was due to the capitalization of commodity index funds, which 
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tracked indices such as the S&P GSCI and the Dow Jones AIG Commodity 

Index. He argued that commodity index funds of financial markets raised both 

prices and inventories in physical commodity markets by taking only long 

positions on futures, resulting in changes in the traditional price-inventory 

relationship.  

DEBATE ON SPECULATIVE INVENTORY The debate over the speculative role 

of inventory has been particularly intense in the oil market. The issue is 

centered on whether the price and the accompanying inventory increase are 

caused by speculation in the futures market. The Interagency Task Force on 

Commodity Markets of the US Commodity Futures Trading Commission 

(2008) refuted the role of speculative inventories, stating that there was no 

inventory build-up paralleling the run-up in price in their interim report on 

crude oil. Scholars who followed this argued that if speculative demand was 

to disrupt the physical market through inventory, the increase in prices should 

bring about a corresponding increase in inventories. Fattouh et al. (2013), 

Juvenal and Petrella (2015), and Knittel and Pindyck (2016) all argued that 

Masters' claims did not hold because inventories did not increase as prices 

increased and levels were in line with “business-as-usual” norms (Cheng and 

Xiong, 2014). On the contrary, Hamilton (2009a, b), Medlock III (2013), and 

Singleton (2014) contended that speculation in the futures market would be 

passed on to the spot market even if inventories were to increase slightly or 

barely change. The mechanisms revealed by which speculation in the futures 
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market is transferred to the spot market through inventories are summarized 

as holding futures and holding physical inventories (Hamilton, 2009a, b; 

Frankfurter and Accomazzo, 2010; Ederington et al., 2011; Knittel and 

Pindyck, 2016).  

MECHANISMS OF SPECULATION Studies have identified several strategies 

occurring in regard to speculative inventories: speculative strategy and 

arbitrage strategy, representatively. Speculative strategy involves risks: 

traders purchase spot commodities at the current low price, store them in 

warehouses, and then sell them at higher prices later when the expected spot 

price is higher than the sum of the spot price and cost-of-carry (i.e., financing 

and warehousing costs minus convenience yield). The arbitrage strategy, on 

the other hand, is riskless: traders buy spot commodities and sell 

corresponding futures at the same time when the futures price is higher than 

the sum of the spot price and cost-of-carry (Moosa and Al-Loughani, 1995; 

Frankfurter and Accomazzo, 2010; Ederington et al., 2011). These two 

mechanisms show that an increase in inventories accompanies an increase in 

prices.  

The strategies are not exclusive though, and traders have speculative 

incentives in the mixture of the two situations as follows. First, speculators 

can directly hold inventories for their speculative purposes. If the expected 

spot price and the futures price increase due to the trade in the financial 

markets, the incentive to purchase the spot and accumulate the inventory 
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would rise (Keynes, 1930; Kaldor, 1939; Knittel and Pindyck, 2016). Second, 

speculative inventories indirectly appear when financial speculators buy 

futures and drive the futures and expected spot prices up under the condition 

of non-arbitrage trading. Due to the rise in the current spot prices, suppliers 

would expand production for the future greater profit, and consumers reduce 

consumption to save the money now. Thus, inventory, which is the difference 

between supply and demand, ends up increasing. With the supply to be 

exogenously determined and demand to be price-elastic, spot prices may 

increase significantly even if inventory only increases slightly (Hamilton, 

2009a, b; Knittel and Pindyck, 2016).  

These mechanisms have been the basis for asserting that inventories can 

deliver speculation in the commodity market. First, when the price elasticity 

is assumed to be nearly zero (inelastic), there will be little or no change in 

supply and demand and, therefore, the inventory can grow insignificantly 

even though price increases significantly due to the speculation in the 

financial market (Hamilton, 2009a, b). Second, if expected spot prices rise 

following speculators’ expectations, producers make an intertemporal 

judgment that it is more profitable to produce and sell the resources later when 

the price increases. This is similar to Hotelling’s theory (1931), which 

determines the amount to be mined and the amount to be left in the ground in 

consideration of the increase in long-term prices of the resource. Thus, the 

current supply will decrease with little or no change in inventory, leading to 
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an increase in spot prices (Hamilton, 2009a, b; Smith, 2009; Caballero et al., 

2008; Parsons, 2010). 

ANALYSIS OF SPECULATIVE INVENTORY As discussions surrounding the 

speculative role of inventory evolved, a wide spectrum of analysis appeared 

on this issue. Kilian and Murphy (2014) estimated that speculative demand 

reflected in inventory and analyzed whether such speculative demand has 

driven oil prices up using the structural vector autoregressive (SVAR) models. 

Following Kilian and Murphy’s methodology, Lombardi and Van Robays 

(2011), Jin (2013), Wong (2013), Güntner (2014), Beidas-Strom and 

Pescatori (2014), Juvenal and Petrella (2015), Chen et al. (2016), Ahmadi et 

al. (2016a, b), Janzen et al. (2017), and Herrera and Rangaraju (2018) 

analyzed the role of speculation using inventory in the oil, gas, coal, base 

metal, and agricultural markets. They presented analytical evidence that oil 

demand in developing countries, such as China, has led to price increases, as 

well as that speculative demand reflected in inventories have raised the 

commodity prices since the 2000s. In addition, the speculative inventories 

were investigated through various approaches, and studies using equilibrium 

models include Acharya et al. (2013), Fattouh and Mahadeva (2014), Unalmiş 

et al. (2012), and Assa et al. (2013); others investigated the speculative role 

of traders’ positions using inventory and convenience yields, such as 

Kolodziej and Kaufmann (2013) and Vansteenkiste (2011); Medlock III’s 

(2013) is among several macroeconomic studies considering interests rates 
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and exchange rates.  

SUMMARY: SPECULATIVE VS. CONVENIENCE MOTIVES Speculation, as 

defined in energy and resources economics, is the purchase (or sale) of goods 

with the expectation that the price of goods will rise (or fall) and generate the 

opportunity for a capital gain (Kaldor, 1939; Knittel and Pindyck, 2016). 

What distinguishes speculative purchases from sales is the capital gain via a 

change in price as the sole motive of action; transactions aimed at accruing a 

gain through their consumption or transformation are not included among 

speculative activities (Kaldor, 1939; Working, 1960). Hence, speculative 

inventories are defined as the part of stocks—the excess inventory over 

normal requirements—that is only held in the expectation of a price increase 

(Kaldor, 1939; Brennan, 1958). The inventories held for a speculative motive 

(i.e., speculative stocks) are contrasted with those held for a convenience 

motive (i.e., convenience stocks) in order to avoid the nuisance and cost of 

revisions of the production schedule to meet an unexpected increase in 

demand or disruptions in supply (Brennan, 1958). The flow of benefits that 

accrue to the holders of these inventories is associated with the availability to 

spot commodity in periods of scarce supply and conceptualized as a 

convenience yield of inventories.  

Speculative inventories was seldom the topic of the theory of storage since 

equilibrium state brought about not capital gains but losses of holding 

inventories. According to the theory of storage, the equilibrium of the futures 
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price, the spot price plus the cost-of-carry is shown in Equation (1): 

𝑓𝑡,𝑇 = 𝑠𝑡 + 𝑐𝑡,𝑇 − 𝜓𝑡,𝑇      (1) 

where 𝑓𝑡,𝑇 is futures price at time 𝑡 with maturity 𝑇, stis spot price at time 

𝑡, 𝑐𝑡,𝑇is the marginal storage cost (including financing and warehousing costs), 

and 𝜓𝑡,𝑇 is (marginal) convenience yield.  

If inventories are speculative stocks with capital gains, the convenience yield 

is 0, and the futures price is higher than the sum of the spot price and storage 

cost, as in Equation (2):  

𝑓𝑡,𝑇 > 𝑠𝑡 + 𝑐𝑡,𝑇     (2) 

This situation provides market participants with the incentive to hold more 

inventories, and as the buyers of spot commodities and sellers of futures 

contracts increase, prices adjust and recover to their equilibrium point. When 

following the definition of speculation mentioned above, the amount stored 

for such capital gains corresponds to speculative inventories. However, the 

theory of storage focuses on the equilibrium point of Equation (1), barely 

discussing the behavior of speculative inventories in the disequilibrium state 

of Equation (2), and it considers the period of capital gains from speculative 

inventories to be instantaneous and temporary. The speculative inventories, 

therefore, have historically remained in the blind spot of the theory of storage 

due to its non-arbitrage assumption.   
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Chapter 3 Socio-political background 

The use of speculative inventory examined in this research touches on the 

problem of separation of banking and commerce, which is the foundational 

principle of the banking system in the US. US commercial banks are generally 

prohibited from engaging in conduct that is not included in the statutory 

concept of “the business of banking.” However, inventories of the energy and 

resources markets have been blamed for becoming the channel through which 

banks engage in physical commodity activities. Banks were able to reach 

beyond traditional banking activities and engage in wider physical 

commodity activities owing to constant deregulation of banking, banks’ 

lobbying for further deregulation, and economic conditions. The following 

section references Omarova (2013) and a report of the US Senate (2014) to 

summarize the nature and scope of the physical commodity activities of 

banks—with a focus on Goldman Sachs, JP Morgan, and Morgan Stanley—

and introduces the history of the legal and regulatory framework that created 

an environment that allowed such activities.   
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3.1 Deregulation of Bank Involvement with Physical 

Commodities before 2008 

Historically, banks in the US were given very limited powers. The National 

Bank Act of 1863 allowed banks only the following powers: 

all such incidental powers as shall be necessary to carry on the business of 

banking; by discounting and negotiating promissory notes, drafts, bills of 

exchange, and other evidences of debt; by receiving deposits; by buying and 

selling exchange, coin, and bullion; by loaning money on personal security; 

and by obtaining, issuing, and circulating notes… 

Such statutory provisions regulated against banks engaging in nonbanking 

activities and maintained the principle of separation of banking and 

commerce in the US banking system. The Federal Reserve Act of 1913 

created the Office of the Comptroller of the Currency (OCC), which had a 

duty to prevent what the US Congress at the time deemed unsafe and unethical 

practices, such as banks entering the commodities market. The OCC became 

the primary regulator of banks. 

The Glass-Steagall Act, enacted in 1933 after the start of the Great Depression, 

prohibited banks from dealing in securities, establishing subsidiaries or 

affiliates that dealt in securities, trading shares on their accounts, or engaging 

in securities transactions undertaken “for [their] own account” rather than on 

behalf of a client. Thereafter, US banks were separated into commercial banks 
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and investment banks, with commercial banks engaging in credit, receipt, 

mortgage, and loan activities and investment banks engaging in stock trading 

and new business investment activities. In 1956, the Bank Holding Company 

Act (BHCA) was enacted, restricting bank holding companies (BHCs)2 and 

their subsidiaries from engaging in nonfinancial activities. The Act clearly 

established the principle of separation of banking and commerce by allowing 

banks to engage only in banking activities and activities that were deemed “to 

be so closely related to banking or managing or controlling banks as to be a 

proper incident thereto.” Under the BHCA, commodities—including energy 

and resources— were excluded from the scope of bank business, and only 

companies that qualified as “financial holding companies (FHC)” could 

engage in activities that were. Furthermore, the BHCA allowed the Federal 

Reserve to regulate and supervise bank holding companies. This legal 

foundation limited deposit-attracting institutions’ ability to place their 

depositors at risk by engaging in nonfinancial activities. 

However, beginning in the late 1970s, banks began pressuring regulators and 

legislators in an attempt to participate in a wider range of commercial and 

financial activities, including securities, insurance, and first derivatives 

transactions, in response to the so-called process of “disintermediation.” In 

                                                           

 
2 Bank holding companies are companies that are either commercial banks 

themselves or own one or more commercial banks and are regulated and 

supervised by the Board of Governors of the Federal Reserve System 

(Omarova, 2013). 
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1997, Goldman Sachs acquired future commission merchant (FCM) rights 

from the Commodity Futures Trading Commission (CFTC) to trade futures 

and options not as an investment bank but as a securities firm. In 1982, it 

purchased J. Aron & Co., a commodity trading company, and expanded its 

commodities business. In 1982, JP Morgan and Morgan Stanley also gained 

FCM rights. Riding the momentum, crude oil and heating oil futures were 

traded on the New York Mercantile Exchange (NYMEX) for the first time in 

1982, a process that culminated in 1986 when the OCC recognized 

commodity-related trading as being included in the scope of the “business of 

banking” clause of the National Bank Act. 

Likewise, the Glass-Steagall Act, which prohibited securities trading and 

dealing activities by BHCs, was increasingly eroded through industry 

lobbying during the 1980s and 1990s. Banks that had expanded their physical 

commodity activities exploited the loosening of regulations by also diluting 

the traditional principle of separation of banking and commerce. As an 

investment bank, Goldman Sachs launched the Goldman Sachs Commodity 

Index, an index reflecting commodity prices, in 1991, followed by an 

exchange-traded fund (ETF) in 2004. Beginning in 1993, the OCC allowed 

banks to hedge their banking activities through “physical delivery of 

commodities,” provided that such activities were “reducing risk” and 

accounted for “only a nominal percentage of banks’ hedging activities.” As a 

result, banks were able to trade warehouse receipts and warrants as well as 
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participate in storing, transporting, and disposing of commodities. Initially, 

the BHCA had a condition under Section 20 specifying that the combined 

total of the securities underwriting revenue of a bank and its subsidies must 

not exceed 5% of their revenue, but by 1996, this ceiling had risen to 25%. 

The 1999 Gramm-Leach-Bliley Act GLBA was a catalyst for financial 

institutions to significantly expand their entry into the commodities market. 

According to the Act, (1) an FHC may engage in activities that the Federal 

Reserve recognizes as financial in nature or incidental to financial activity; (2) 

an FHC may directly participate in activities that the Federal Reserve 

recognizes as complementary to a financial activity; (3) a HFC may 

temporarily and passively engage in equity investments in any type of 

company, including those associated with physical commodities; and (4) 

through a grandfathering clause, FHCs that participate in futures-related 

activities (e.g., Goldman Sachs, JP Morgan) may continue commodities-

related activities that they engaged in prior to the Act. Under this Act, FHCs 

could acquire shares of any entity that was engaged in nonfinancial activities, 

thus introducing the possibility of entering into commodities-related activities. 

This became the turning point in reversing the separation of banking and 

commerce. 

In addition, the Federal Reserve established “permissible nonbanking 

activities” through Regulation Y to broaden the scope of the business of FHCs 

and their subsidiaries. It thereafter amended Regulation Y to authorize FHCs 
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to make or take delivery of physical commodities. Since then, Regulation Y 

has expanded the permissible activities of FHCs, and in 2003 Citigroup 

entered into a deal under which a bank could acquire physical assets for the 

first time. 

From 2000 to 2008, the Federal Reserve continued to broaden FHCs’ ability 

to engage in physical business activities through the Gramm–Leach–Bliley 

Act. In 2000, several investment banks and major oil companies, including 

Goldman Sachs and Morgan Stanley, established Intercontinental Exchange 

(ICE) and traded derivatives of physical commodities. In 2004, ETFs that 

linked commodity futures or physical commodities were introduced. Under 

the Glass-Steagall Act, commodities ETFs that were linked to commodity 

prices or commodities themselves could neither be created, sold, nor brokered 

by banks. However, in November 2004, the New York Stock Exchange 

(NYSE) began trading gold for the first time, followed by crude oil ETFs. 

Commodity prices skyrocketed thereafter. The World Bank noted that 

commodity prices, valued in US dollars, doubled between 2003 and 2008. 

The 2008 financial crisis became an opportunity for some investment banks 

to scale up and expand their business into physical commodities. In March 

2008, JP Morgan acquired Bear Stearns, which was facing imminent 

bankruptcy, thereby acquiring control of Bear Stearns’s rights related to its 

physical commodities business. Shortly thereafter, in September 2008, 

Goldman Sachs and Morgan Stanley applied to the Federal Reserve to be 
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transformed into FHCs, thereby expanding their commodities businesses. In 

January 2009, Bank of America acquired Merrill Lynch and expanded its 

commodities business to approximately ten times its original size. In late 2010, 

JP Morgan acquired commodity trading company RBS Sempra. Furthermore, 

other banks, including Barclays, Citigroup, Deutsche Bank, Wells Fargo, and 

BNP Paribas also participated in the trend of expansion. From 2009 to 2011, 

Goldman Sachs and JP Morgan held ownership of the London Metal 

Exchange (LME). They remained its largest shareholders until 2012, when 

LME was sold to the Hong Kong Exchange.  
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3.2 Reinforcement of Regulation after 2008 

After the financial crisis of 2008, the Federal Reserve and other regulators 

began to review bank involvement with physical commodities. In July 2010, 

the Dodd-Frank Act was enacted to tighten regulations on derivatives and 

establish supervision and regulation of large financial companies. However, 

banks continued to expand for some time even after its enactment. 

The banks’ physical commodity involvement can be summarized as follows: 

(1) Goldman Sachs acquired Nufcor to trade and supply physical uranium to 

nuclear power plants, acquired coal mines in Colombia to produce and export 

coal, and acquired Metro International Trade Services LLC in Detroit (a large 

storage company) in an attempt to manipulate the market through the 

stockpiling of aluminum; (2) Morgan Stanley operated a natural gas business, 

building a compressed natural gas facility in Texas that was involved in 

Southern Star’s natural gas pipeline business. It also engaged in the petroleum 

storage and transportation business by supplying jet fuel to United Airlines 

and became a jet fuel hedging counterparty for the Emirates airline; and (3) 

JP Morgan acquired over 30 power plants throughout the US, manipulated the 

payment system of electricity bills, and participated in the creation of a 

copper-backed ETF that could freeze the trading, stocks, and supply and 

demand of physical copper.  

A US Senate (2014) subcommittee reported on such involvements in physical 
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commodities, the socioeconomic risks they caused, unfair trading advantages 

enjoyed by FHCs, the mixing of banking and commerce within their 

businesses, and the inadequate safeguards in place to protect citizens from 

these acts.  

From approximately 2014 on, large financial institutions scaled back their 

physical commodities businesses, including commodity derivatives 

businesses. Around the same time, an investigation into banks’ involvement 

in physical commodities that began in 2012 was concluded, and the US 

Senate (2014) report on its findings was published. It also coincided with the 

end of the five-year grace period of the authority of Goldman Sachs and 

Morgan Stanley—who had transformed into bank holding companies in 

September 2008 amid the financial crisis—to sell impermissible commercial 

businesses or retain their businesses under the BHCA. 
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Chapter 4 Organization of the thesis 

This thesis is organized into three main chapters. The first analyzes the role 

of crude oil inventories between speculation and buffer, the second 

investigates hoards of aluminum inventories for capital gains, by expanding 

the theory of storage. The last examines the inflow of copper inventories of 

Asian regions into the Chinese market, which was mainly stored for financial 

purpose and arbitrage trading3.  

CHAPTER 2 In this study, we examine whether oil inventories react to oil 

demand and supply shocks as a buffer to the market or as facilitation of 

speculative trading, or both. Unlike previous studies that discuss the role of 

inventories from the perspective of the relationship between inventory and 

price, this study derives speculative and buffer roles from the endogenous 

responses of inventory to demand and supply shocks. Global, US, and 

Cushing, Oklahoma inventories from January 2003 to June 2008 and January 

2009 to May 2018 are compared from the aggregate to sub-aggregate levels. 

A sign-restricted structural vector autoregressive (SVAR) model is employed, 

and robustness verifications are added. Overall, while supply and demand 

                                                           

 
3 The appendix includes maps of previous studies on speculation in the 

energy and resources markets, the theoretical framework of the theory of 

storage, trends of research on speculative stocks and the theory of storage, 

and socio-political background of speculation in the physical commodity 

markets. 
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shocks shift oil production and consumption, the buffer responses of 

inventories are found to be immediate for demand shocks but gradual for 

supply shocks, and the instantaneous speculative responses of the Cushing 

inventory are revealed (Keywords: buffer, oil inventories, fundamental 

shocks, oil prices, speculation, structural VAR). 

CHAPTER 3 This study presents analytical evidence for speculative inventory 

purchase in the 2009-2014 period due to arbitrage opportunities in the 

aluminum market. January 2009 to June 2014 was the main target for the 

analysis period when aluminum inventory reached its peak, and bank holding 

companies were involved in inventory management. For comparison 

purposes, results ranged from the January 2015 to December 2017 period, 

which was after inventory decreased and bank holding companies sold 

warehouse operators. This study uses the DLM (which estimates variable 

regression coefficients) and the TVP-VAR-SV (which is a regression 

coefficient and an error variance vector autoregressive model allowing 

variability of covariance to analyze the relationship between inventory and 

adjusted basis). For estimation, Kalman smoother technique of the state-space 

model was used, and the Gibbs sampler of Markov Chain Monte Carlo 

(MCMC) is used as well. This analysis method is based on the Bayesian 

method (Keywords: Aluminum, Inventory Hoarding, Market Manipulation, 

Bayesian Approach). 
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CHAPTER 4 This section studies China’s use of Asian copper inventories not 

only for physical consumption but also for financial and speculative purposes, 

in terms of the theory of storage and the accessibility of inventories. The 

period from January 2011 through April 2015 is investigated when Asian 

copper inventories were shipped to China as collateral of loans and for the 

arbitrage profit between SHFE and LME. The results indicate that Chinese 

market benefits from and are influenced by accessible inventories, such as 

Chinese domestic and neighboring Asian inventories. Furthermore, imports 

act as inventory inflows, which can be considered the movement of the 

accessible inventories that provide convenience yields to local markets. Also, 

we show that volatility is the central difference between the cost-of-carry and 

option pricing models, which are representative estimation methods for 

convenience yields (Keywords: Convenience yields, Inventories, Copper, 

Theory of storage, Futures Markets). 

METHODOLOGY The methodologies used in Part Ⅰ and Part Ⅱ of this study 

have a commonality in that they follow the Bayesian approach. Bayesian 

paradigm provides us with an analytical way to incorporate the prior 

information we have before observing the data, by assuming prior 

distributions for target parameters in the model that are treated as unknown. 

Once we have observations, the information we had on parameters are revised 

and is called posterior distributions. The Bayesian methodology is widely 

used for time series analysis to estimate large scale parameters since the use 
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of prior information in Bayesian approach introduces a logical and formal 

way for shrinkage, which make the estimates gather toward the central 

tendency4 . Also, as the computation techniques for high-dimensional time 

series analysis, such as Markov Chain Monte Carlo (MCMC) simulations 

have been developed in Bayesian field, enabling researchers to analyze large-

scale analytic models. When it comes to time series analysis, the Bayesian 

framework is first, suitable for estimating variable parameters in a way that 

appropriately deals with constraints on the degree of freedom due to large-

scale parameters; second, it does not impose stationarity on the time series 

with uninformative priors, and thus helps to maintain the information level of 

the specification; third, it makes possible to have reliable estimations, even 

for a short time series. 

First, in Part I, structural vector autoregressive (SVAR) model is used to 

analyze the impact of structural shocks on the inventory variable in the oil 

market. The sign-restriction scheme of this study identifies shocks and 

estimate parameters using the Bayesian approach, unlike the short- and long-

                                                           

 
4 This shrinkage can take the form of imposing restrictions on parameters or 

shrinking them towards central tendency. The state space model is basically 

a hierarchical model of the Bayesian methodology, which inevitably 

accompanies shrinkage of the parameter estimates, and it has been found that 

shrinkage can be of great benefit in reducing over-parameterization problems 

like time-varying VAR estimating huge size parameters. In other words, the 

Bayesian methodology causes shrinkage of the estimated value by setting the 

hierarchical structure of the prior, so that large-scale parameter estimation 

becomes possible even with a small amount of data (Kruschke, 2014). 
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term restriction schemes following the Frequentist approach. This sign-

restricting identification requires setting prior distribution and utilizing 

MCMC algorithms to obtain set-identified parameters. Estimating time-

invariant fixed parameters is the main of this sign-restricted SVAR 

methodology, but for robustness test of the model, time-varying parameters 

are compared using sign-restricted time-varying parameter vector auto 

regression with stochastic volatility (TVP-VAR-SV) model. Even though 

both methods are the same in that they see the impact of structurally identified 

impact of shocks on variables by restricting the signs, the former method 

based on the VAR format to estimate fixed parameters while the latter method 

estimates a VAR models by transforming it into a state space model to give 

the parameters stochastical properties over time. The former analysis is 

extended from Uhlig (2005), Canova (2007), Rubio-Ramirez (2010), Kilian 

and Murphy (2014) and Kilian and Lütkepohl (2017) and the latter analysis 

choose algorithms developed by Baumeister and Peersman (2013) and Poon 

(2018) in the framework of Primiceri (2005) and Koop and Korobilis (2010).  

In Part II, we analyze the relationship between the adjusted basis variable and 

inventory variable in the aluminum market. A Bayesian approach is needed 

to estimate the time-varying parameters between variables. First, a dynamic 

linear model (DLM) is used to estimate the time-varying regression 

coefficient of a unidirectional regression model where inventory is the 

explanatory variable, and the adjusted basis is the explained variable. This 
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model follows a Bayesian method that uses a forward filtering backward 

smoothing (FFBS) algorithm based on a state-space model. Mainstream 

studies are Petris et al. (2009), and Carter and Kohn (1994). Second, we 

analyze the VAR model of time-varying parameters to analyze the 

bidirectional relationship between inventory and adjusted basis variables. In 

this case, we adopt a TVP-VAR-SV model that regard not only the regression 

coefficient but also the variance-covariance matrix of the error term 

stochastically volatile. Estimation of this model is also based on the state-

space model and uses the Bayesian method of setting the prior and using the 

MCMC algorithm. This method has been developed and established by 

Primiceri (2005) and Koop and Korobilis (2010), and we adopt the algorithm 

of Del Negro and Primiceri (2015) for this study.  

Unlike the methodologies of the previous parts, we apply the Frequentist 

approach for Part Ⅲ since it does not require complicated time-series 

methodologies. Since some of the time series for this analysis are integrated 

with I(0) and some are I(1), a reduced-form VAR and vector error correction 

model (VECM) are not applicable. Therefore, the parameters are estimated 

using an autoregressive lag distributed (ARDL) model known robust for time 

series analysis with different integral orders. The ARDL model is 

characterized by the inclusion of simultaneous and lagged terms of 

independent variables and autoregressive terms of dependent variables and is 

introduced by Pesaran et al. (2001).   



 

 33 

Part I Speculative or buffering role of crude oil 

inventory 

Chapter 1 Motivation 

Crude oil inventories refer to barreled crude oil that commercial companies 

hold back for future sale. Crude oil inventories generally respond to oil supply 

and demand shocks in two conflicting ways. In the event of an oil supply 

disruption, for example, oil inventories can be released onto the market to 

cover supply shortages and to help mitigate an upsurge in oil prices. This is 

referred to as buffer inventory. Alternatively, the inventories can be hoarded 

at present and sold later at higher prices to achieve arbitrage margin. In this 

case, the inventories are referred to as speculative inventory. Therefore, in 

order to fully understand the changing dynamics of the oil market, it is crucial 

to properly identify the role and behavior of crude oil inventories. 

Many researchers have examined oil inventory behavior. Traditional works 

view the holding of any oil inventories as buffers to meet uncertainties caused 

by oil supply and demand shocks. Theoretical examples include Kaldor 

(1939), Fama and French (1988), Heinkel et al. (1990), Pindyck (2001), and 

Chapter published online in the Empirical Economics and further revised 

for this thesis: Kim, S., Baek, J., & Heo, E. (2019). Crude oil inventories: 

The two faces of Janus? Empirical Economics, 1-16. Retrieved from 

https://doi.org/10.1007/s00181-019-01660-1. 
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Jaffe and Sologio (2002), most of which are accompanied by the theory of 

storage and the convenience yields — the non-monetary benefit from holding 

inventories as precautionary and buffering measures. Some studies (e.g., Cho 

and McDougall, 1990; Gibson and Schwartz, 1990; Geman and Ohana, 2009; 

Kucher and Kurov, 2014) use econometric methods to quantify the benefits 

of holding buffer inventories in the ever-changing oil markets, while others 

(e.g., Hubbard and Weiner, 1986; Williams and Wright, 1991; Considine, 

1997) utilize optimization methods to investigate the consumption smoothing 

effect of oil inventories held for emergencies in a particular industry (i.e., 

petroleum) or country.  

By arguing that wide price swings in crude oil over the past decade were 

significantly driven by speculative trading and market fundamentals, a 

burgeoning body of literature holds the view that oil inventories are primarily 

accumulated for the anticipation of arbitrage profits. In this line of research, 

inventories are regarded as an avenue for financial traders to enter the 

physical oil market through the influx of commodity index funds (Smith, 

2009; Ederington et al., 2018). The traders of index funds have been suspected 

of driving commodity futures prices up, sending a distorted signal for a price 

hike to the spot market and resulting in an increase in both the spot price and 

speculative inventories (Hamilton, 2009a; Ederington et al., 2011). Related 

discussions have been developed in the testimony by Masters (2008), as well 

as Singleton (2014), Sockin and Xiong (2013), and Diaz-Rainey et al. (2017). 
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Related empirical studies typically use multivariate time-series methods — 

i.e., a vector-autoregression (VAR) model — when tackling the issue. As the 

seminal work in the field, Kilian and Murphy (2014) and Kilian and Lee 

(2014) test whether speculation is one of the key factors affecting the oil price 

surge during the 2003–2008 period. Juvenal and Petrella (2015) also confirm 

that speculative inventories play a crucial role in causing oil price shocks.  

Although studies on the dynamics of oil inventories are fairly numerous, the 

empirical emphasis has typically been on either buffer or speculative motives 

of oil inventories, with few studies considering both effects on the oil market 

together. In particular, when examining global crude oil inventories, Kilian 

and Murphy (2014) focus primarily on the speculative impact of the 

inventories on prices. By defining speculative inventory shock, they 

concentrate on inventory accumulation for monetary purposes, which is based 

on future expectation and thus exogenous to current supply and demand. 

Subsequent empirical studies such as Kilian and Lee (2014), Beidas-Strom 

and Pescatori (2014), Güntner (2014), and Lombardi and Van Robays (2011) 

take the same view of Kilian and Murphy (2014). With these influential 

studies being tailored to speculative inventories, the buffer role of inventories 

has moved away from academic concerns.  

Considering the significant role that inventories play in buffering market 

fluctuations, as evidenced by the first grouping of literature above, it may be 

inappropriate to confine one’s attention to only the speculative role. Many 
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studies focus on speculative inventory shock to crude oil prices, but few 

discuss the response behavior of inventories adjusting to supply and demand 

shocks. In this article, therefore, we intend to contribute to the literature with 

an in-depth investigation of endogenous responses of crude oil inventories. 

Our empirical focus is thus on detecting whether oil inventories react to oil 

supply and demand shocks as a buffer to the market or as a facilitator of 

speculative trading. The period covered is from 2003, when the controversy 

regarding crude oil inventories began, to 2018, and is divided to separate the 

periods before and after the 2008 financial crisis. 

Given that inventory responses can vary in terms of scope, a comparison 

among global, US, and Cushing, Oklahoma inventories is provided, 

narrowing the scale from the world down to local and from aggregate down 

to sub-aggregate levels. For the econometric method, a structural vector 

autoregressive (SVAR) model is applied. Since the SVAR assumes structural 

shocks that cause the dynamics of the oil market variables to be independent 

— that is, zero correlation among the error terms — this allows us to separate 

the impacts of economically unrelated shocks in the system and is well suited 

to achieve our research objective. 
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Chapter 2 Methodology 

Supply and demand shocks in the oil market are mixed and often 

simultaneous, so in order to provide an accurate analysis, we need to examine 

them separately. Since it is almost impossible to analyze the individual effects 

of simultaneous shocks in a general reduced-form vector autoregression 

(reduced-form VAR), a structural vector autoregression (SVAR) must be 

established to disentangle the multiple shocks5 . In the SVAR framework, 

supply and demand shocks are extracted separately through white noise error 

(𝑒𝑡 ) in a reduced-form VAR being linearly decomposed into orthonormal 

structural supply and demand shocks (휀𝑡).  

A reduced-form VAR model takes the form:  

𝑦𝑡 = ∑ 𝐶𝑖𝑦𝑡−𝑖 + 𝑒𝑡
𝑝
𝑖=1 ,   𝑒𝑡~𝑁(0, 𝛴𝑒),           (1) 

where 𝑦𝑡  is an (𝑛 × 1)  vector of endogenous variables; 𝐶𝑖  is an (𝑛 × 𝑛) 

matrix of parameters to be estimated; and et  is a vector of white noise. 

Coefficient matrix of our endogenous variables can be estimated efficiently 

using ordinary least Squares (OLS). Eq. (1) can be reformulated into the 

                                                           

 
5 In the SVAR model, shocks are unexplained or unpredictable by variables, 

and the identity of each shock is set on the basis of economic perspectives 

and theories. Since the SVAR is to analyze the impact of these shocks on 

variables, it can be applied only when such shocks can exist, which limits its 

applicability (Kilian and Lütkephol, 2017). 
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SVAR form in order to impose structural shocks as follows: 

𝑦𝑡 = ∑ 𝐴0
−1𝐴𝑖𝑦𝑡−𝑖 + 𝐴0

−1𝐵휀𝑡
𝑝
𝑖=1 .    (2) 

where 휀𝑡 is an (𝑛 × 1) vector of orthonormal structural shocks. The white 

noise 𝑒𝑡 in Eq. (1) and the orthonormal structural shock 휀𝑡 in Eq. (2) has a 

relation of  

𝑒𝑡 = 𝐴0
−1𝐵휀𝑡.            (3) 

The white noise is expressed as a linear combination of contemporaneous 

interactions between the endogenous variables multiplied by the scale factor. 

Putting 𝐴0
−1𝐵 = 𝑆  and 𝑒𝑡 = 𝑆휀𝑡 , the matrix 𝑆  is the object that will be 

estimated through identification. Obtaining 𝛴𝑒  through estimation of the 

VAR model and utilizing Eq. (3), 𝛴𝑒 = 𝐸[𝑒𝑡𝑒𝑡
′] = 𝐸[𝑆휀𝑡휀𝑡

′𝑆′] =

𝑆𝐸[휀𝑡휀𝑡
′]𝑆′ = 𝑆𝐼𝑛𝑆′ = 𝑆𝑆′.  

In restricting signs on responses to shocks in Eq. (3), define matrix 𝑄′ and 

an orthonormal structural shock 𝜔𝑡  as 휀𝑡 = 𝑄′𝜔𝑡  and 𝑒𝑡 = 𝑆𝑄′𝜔𝑡 . To 

hold 𝛴𝑒 = 𝑆𝑆′,  𝑄′  must be orthogonal matrix satisfying 𝑄′𝑄 = 𝑄𝑄′ = 𝐼𝑛 . 

Under sign restrictions, the process of the impulse response to structural 

shocks is in the following steps:  

1. Obtain 𝛴𝑒  by estimating the VAR model. As 𝛴𝑒 = 𝑆𝑆′ , get matrix 𝑆 

through the decomposition of a matrix 𝛴𝑒 and calculate the impulse response 
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function to orthogonalized shocks.  

2. Generate and draw randomly orthogonal matrix 𝑄′. 

3. Multiply impulse response obtained from step 1 and 𝑆𝑄′. If the impulse 

responses meet the restrictions, save them, but if not, reject them.  

4. Repeat steps 2-3 until the desired number of draws have been accepted.  

The estimation is assessed by the Bayesian method, and the VAR parameters 

are based on a Normal Inverted-Wishart posterior, according to Rubio-

Ramirez et al. (2010). Then, the impulse response functions (IRFs) of SVAR 

are derived from the structural moving average representation as  

𝑦𝑡 = ∑ 𝜓𝑖휀𝑡−𝑖
∞
𝑖=0 ,     (4) 

where 𝜓𝑖  measures the response of 𝑦𝑡+𝑖  to 휀𝑖 . The sequence of {𝜓0,

𝜓1, … } forms the IRFs.6  The convergence of the simulation is confirmed 

by burning in the first half of simulated 10000 draws (with 500 subdraws each) 

and local solutions are avoided by testing various initial values. 

Recall that our empirical focus is on determining whether an inventory is 

speculative or a buffer, which should be determined by the impulse responses 

                                                           

 
6 IRF measures the changes in variables over time in the order of 1 month, 2 

months, and 3 months ‘after’ the shock of time 0, and averages the entire 

responses to the shocks over the whole period. For reference, there is a 

historical decomposition (HD) method that measures the impact of shock at 

each time, but it has a limitation estimating only the effect at the time of the 

shock but not measuring the lagged and dynamic responses to a shock.  
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to supply and demand shocks. By definition, a positive (negative) supply 

shock is a shock that shifts the supply curve rightward (leftward) and, hence, 

decreases (increases) the price level; a positive (negative) demand shock is a 

shock that shifts the demand curve rightward (leftward) and, hence, increases 

(decreases) the price level. The identification scheme used to disentangle such 

supply and demand shocks and the guidelines to determine the role of 

inventories are as follows (Kilian and Murphy 2014; Juvenal and Petrella 

2015):  

 Negative (−) supply shock: The shock of a rapid decline in 

production, decreasing consumption and increasing price (e.g., 

political and social unrest in producing countries, a breakdown in 

production facilities, or political decisions made by the Organization 

of the Petroleum Exporting Countries (OPEC)) 

 Positive (+) demand shock: The shock of a surge in consumption, 

increasing production and price (e.g., economic boom) 

Each of the shocks leads to situations where quantity demanded exceeds 

quantity supplied. If the inventory shows a positive response, it is considered 

speculative — inventories are accumulated now for the arbitrage margin 

based on the expectation of a price increase. If the inventory shows a negative 

response, on the other hand, it is considered a buffer — inventories are 

immediately released to offset the supply shortage, mitigating price 
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fluctuations. 

 Positive (+) supply shock: The shock of growth in production, 

increasing consumption and decreasing price (e.g., technological 

innovation, cost reduction) 

 Negative (−) demand shock: The shock of a reduction in consumption, 

decreasing production and price (e.g., economic recession) 

Each case leads to situations where quantity supplied exceeds quantity 

demanded. Where the inventory shows a positive response, it is considered a 

buffer, absorbing oversupply. Conversely, a negative response is considered 

speculative, which indicates that inventories are sold off in expectation for 

arbitrage profit or in an attempt to avoid loss. 
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Chapter 3 Empirical results 

3.3 Data 

Our model includes variables regarded in existing literature as the main 

drivers of oil inventory behavior. The world crude oil production is used as a 

proxy for the oil supply variable, and the world crude oil consumption is used 

as a proxy for the global demand. A price variable is the West Texas 

Intermediate (WTI) crude oil price, and spot, three-month futures, and six-

month futures prices are used and converted into its real value using the 

consumer price index (2010=100) from the Federal Reserve Bank (FRB). The 

spot price is used as a benchmark; futures prices are included for comparison 

since inventory holders can have expectations of the change in prices based 

on the futures prices when supply and demand shocks occur in the market. 

The world crude oil production and consumption and the WTI price are 

provided by the US Energy Information Administration (EIA). 

In this study, three types of crude oil inventories are compared: global, US, 

and Cushing, Oklahoma. First, for global crude oil inventories (i.e., GLOBAL 

INVENTORY), a proxy data for which was obtained following Kilian and 

Murphy’s (2014) approach of rescaling US crude oil inventories by the ratio 

of OECD commercial petroleum inventories over US petroleum inventories 

(GLOBAL INVENTORY = US crude oil inventory × (OECD petroleum 

inventory / US petroleum inventory)). Required data are provided by the EIA. 
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Despite its limitations, Kilian and Lee (2014) support the use of this proxy by 

confirming that the result is unaltered from that of proprietary data compiled 

by Energy Intelligence Group (EIG). Kilian and Murphy’s (2014) proxy has 

been endorsed by studies, including the following: Lombardi and Van Robays 

(2011), Güntner (2014), and Beidas-Strom and Pescatori (2014). Next, 

aggregation of US crude oil inventories (i.e., US INVENTORY), excluding 

the Strategic Petroleum Reserve (SPR), is analyzed. Considering the 

significant influence of the United States in the global oil market and the keen 

attention paid to the US inventories, it is worth investigating in our model. 

Furthermore, the US inventory is likely to reveal patterns of speculative and 

buffer responses to shocks due to its high liquidity in the US oil market. Lastly, 

a Cushing, Oklahoma crude oil inventory is included (i.e., CUSHING 

INVENTORY). As the hub of North American oil trade, 16% of the total 

inventories are stored in the Cushing region. The Cushing inventory needs to 

be analyzed because it is allegedly regarded as a hotbed of speculation by 

bank holding companies (US Senate, 2014) and is thought to be among the 

primary regions where arbitrage-related inventory movements occur 

(Ederington et al., 2018). Hence, the Cushing inventory may show 

distinguishing responses from those of the global and US inventories. The 

unit used to measure inventory data is one million barrels.  

The analysis begins in 2003, when the role of crude oil inventories stirred 

controversy and is divided into two periods, excluding the 2008 financial 
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crisis period: (1) from January 2003 to June 2008 (2003:M1–2008:M6); and 

(2) from January 2009 to May 2018 (2009:M1–2018:M5). The first period 

includes a 2008 spike in oil prices from $63/bbl in 2007 to $142/bbl, while 

the second period features the 2014 price collapse from $98 to $45/bbl. The 

differences between the two periods can be explained in terms of both 

fundamental and financial factors.  

Regarding fundamental supply and demand, the increase in the oil 

consumption of emerging countries led to a boom in the oil market that lasted 

until 2008 (Hamilton, 2009b; Arbatli and Vasishtha, 2012). Afterward, 

however, the production of unconventional oil in North America triggered a 

global supply glut (e.g., Baffes et al., 2015; Baumeister and Kilian, 2016). 

Accordingly, the inventories from the former period increased with the 

demand growth, triggering debate about speculation, while those of the latter 

period soared at an unprecedented rate due to excess surplus beyond the 

market capacity. Meanwhile, from the financial and regulatory perspectives, 

the two periods are identified as expansionary versus contractionary phases 

of physical market financialization, which serve as the institutional base of 

inventory speculation. According to the US Senate (2014), when Federal 

Reserve regulations were loosened around 2003, financial investors began 

initiating deals in the physical oil market. Beginning in 2009, however, in 

recognition of financial risks, regulations were strengthened by the enhanced 

regulatory authorities, including the Commodity Futures Trading 
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Commission (CFTC) and the European Securities and Markets Authority 

(ESMA) (Haase et al. 2016). Given these fundamental and financial phases, 

the role of inventories is expected to vary depending on the period of analysis.  

Gearing our analysis to price increase for the former period and price decrease 

for the latter period, we impose sets of sign restrictions on each period so that 

the inventory responses are investigated in each normalized increasing and 

decreasing price: the negative supply shock and positive demand shock for 

2003:M1–2008:M6 and the positive supply shock and negative demand shock 

for 2009:M1–2018:M5. The trends in the crude oil price and inventories are 

illustrated in Figure Ⅰ.1; Figure Ⅰ.2 shows that volatility of prices spiked in 

each period, which could open the opportunities for the speculative use of 

inventories or it implies that speculative behaviors in the crude oil market 

could cause the prices to highly fluctuate. The dataset including the Cushing, 

Oklahoma inventory covers a shorter period of time, starting from April 2004. 

The data are standardized following Chatrath et al. (2012) and Tang and 

Xiong (2012) by subtracting the 12-month average from the raw data and 

dividing it by the 12-month standard deviation.7  Descriptive statistics for 

                                                           

 
7 This approach enables comparison among the responses across inventories 

with different scales. In this study, stationarity of time series is not closely 

considered, following Sims’ (1988) argument that Bayesian inference is 

largely unaffected by the presence of unit roots. Rafiq & Mallick (2008), 

Granville & Mallick (2009), and An & Wang (2012) assessed sign-restricted 

VAR as robust to non-stationarity, and Arias et al. (2018) show the 

consistency of sign-restricted VAR with level and differenced data. 
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both level and standardized data are shown in Table Ⅰ.1, and standardized 

inventory data are plotted in Figure Ⅰ.3, which reveals that changes in Cushing 

inventory possibly precede those in other inventories and behaves differently 

against them at times.8   

                                                           

 
8 Inventory size can grow over time as crude oil consumption increases. This 

study analyzes relatively shorter period in which inventories are less likely to 

do, but if one analyzes longer periods, it needs to be calibrated. Also, since 

the model and methodology of this study are tailored to analyze the 

unexpected effect of shocks, it is difficult to embody the expectedly 

increasing trends inside the model itself. Therefore, a practical remedy for 

this case is to remove the time trends from the inventory data in advance, if 

the increase over time (and consumption) are confirmed by the data, and such 

circumstances are supported by other materials.      
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Figure I.1 Global, US, and Cushing, Oklahoma crude oil inventories 

and WTI crude oil spot price 
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Figure I.2 Volatility of WTI crude oil prices (spot, 3M and 6M futures) 
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Figure I.3 Standardized Global, US, and Cushing, Oklahoma crude oil 

inventories 
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Table I.1 Descriptive statistics of level and standardized crude oil data  

 World 

production 

World 

consumption 

Real price of WTI 

  

Global 

inventory 

US  

inventory 

Cushing  

inventory 

   Spot 3M futures 6M futures    

Level  

data 

2003:M1 

– 
2008:M6 

Min. 67722 77460 31.54 38.14  30.21  1084 254.5 11.81 

Median 73183 84269 65.56 72.72  68.96  1254 292.4 20.23 

Mean 72548 83719 65.89 73.01  65.93  1244 293.1 19.85 

Max. 74238 87894 142.56 145.20  144.19  1409 336.9 27.11 

Obs. 66 66 66 66 66 66 66 50 

2009:M1 

– 

2018:M5 

Min. 71529 82956 30.53 28.47  36.46  1268 307.2 17.9 

Median 76606 92286 77.10 76.89  79.39  1410 349 40.28 

Mean 77225 92292 71.17 68.43  72.61  1479 383 43.47 

Max. 82304 100521 112.08 110.78  113.45  1901 535.5 69.14 

Obs. 113 113 113 113 113 113 113 113 

Standardized 

data 

2003:M1 

– 
2008:M6 

Min. -1.88 -1.43 -1.40 -1.52  -1.64  -1.90 -2.10 -2.09 

Median 0.67 0.54 1.15 1.04  1.26  0.36 0.16 0.62 

Mean 0.48 0.46 0.86 0.79  0.94  0.29 0.14 0.29 

Max. 2.10 2.23 2.34 2.37  2.56  2.49 2.24 2.10 

Obs. 66 66 66 66 66 66 66 51 

2009:M1 

– 

2018:M5 

Min. -2.36 -1.41 -1.85 -2.58  -2.60  -1.76 -2.49 -2.58 

Median 0.90 0.78 0.25 0.08  -0.02  0.47 0.47 0.14 

Mean 0.59 0.59 0.23 0.02  -0.01  0.298 0.19 0.08 

Max. 2.36 2.12 2.15 2.12  2.10  2.39 2.43 2.19 

Obs. 113 113 113 113 113 113 113 113 
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3.4 Major findings 

In order to assess the responses of oil inventories to supply and demand 

shocks, IRFs are calculated for 12 months after the initial point at which the 

SVAR model was estimated. For the effect of one increase in shocks on the 

GLOBAL, US, and CUSHING INVENTORIES, 9  Figure Ⅰ.4 shows the 

results using spot price as a benchmark and Figure Ⅰ.5 and Ⅰ.6 include the plots 

using three-month and six-month futures for comparison.   

When spot price is used, the estimated IRFs of GLOBAL and US 

INVENTORIES in 2003:M1–2008:M6 show immediate speculative and 

gradual buffer behaviors in response to negative supply shocks which lower 

oil production about −0.4 in the immediate months. The medians of inventory 

IRFs peak at their highest (+0.12 and +0.13, respectively) in the third month, 

indicating a declining supply causing a rapid and dramatic increase in the 

inventory level, thereby exhibiting speculative behaviors. Beginning in the 

fourth month, the medians turn negative, with inventories being released to 

cover scarce supply. Conversely, the results of GLOBAL and US 

INVENTORIES caused by positive demand shocks show buffer responses 

first and speculative responses later. When consumption surges nearly +0.45, 

the medians for the inventory IRFs start negative in the first three months 

                                                           

 
9  The 84%–16% error bands are plotted for the IRFs, following the 

convention from Sims and Zha (1999) and Uhlig (2005), the benchmark 

literature of SVAR approach.  
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(−0.14 and −0.20 at the lowest, respectively) and then remain positive from 

the fourth month onward, suggesting the inventories buffer the demand 

shocks, followed by speculative hoarding. The lasting speculative incentive 

is attributed to the expectation of the economic boom, including demand, 

production, and price growth. Unlike the other inventories, the CUSHING 

INVENTORY displays only speculative responses to both shocks. In the IRFs, 

the median begins at the highest (+0.21) in response to the supply shock and 

exhibits a hump-shaped peak (+0.13) in response to the demand shock.  

In 2009:M1–2018:M5, the buffering role seems to become pronounced for 

the GLOBAL, US, and CUSHING INVENTORIES in response to positive 

demand shocks and negative supply shocks. In response to the supply shocks 

with a +0.33 rise in production in the early stage, the GLOBAL INVENTORY 

immediately flips from positive to negative. It then turns significantly positive 

in the following months, implying that oversupplied oil is being stockpiled. 

The US INVENTORY response to the supply shocks starts at the maximum 

value (+0.21) in the initial month, temporarily falls near zero in the third 

month, and then climbs to the significant positive region. The positive 

medians of the inventories’ responses to the positive supply shocks indicate 

that inventories act as buffers to absorb oversupplied oil in the market. The 

CUSHING INVENTORY has wider error band right after the supply shock 

that reflects the mixed responses of speculation and buffer, but it then exhibits 

buffer responses similar to other inventories, which lasts longer than in other 
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inventories. Triggered by negative demand shocks, the responses of the 

GLOBAL and US INVENTORIES spike to their highest (+0.10 and +0.11, 

respectively) points in the second or third months, with the surplus from an 

economic bust being saved in the inventories. The CUSHING INVENTORY 

shows a similar median but with the relatively broader error band.   

The notable results with futures prices are the stronger tendency of 

speculative hoarding at the shock of declining supply in 2003-2008 than those 

with spot price. This implies that inventory holders store more inventories on 

the expectation of the rise in future spot prices, based on the signal from rising 

futures prices. The speculative response using futures prices become quicker 

and larger, and the difference from using spot prices is particularly noticeable 

in the US INVENTORY. Their responses fall from a peak of almost 0.4 (with 

three-month futures) and 0.3 (with six-month futures) right after the supply 

shock, while that with spot price had a hump-shaped peak with 0.15 in the 

third month. Speculative responses appear to be more pronounced in 

GLOBAL INVENTORY similarly and to be maintained in the CUSHING 

INVENTORY when futures prices were used.   

In both periods, the buffer roles of GLOBAL and US INVENTORY tend to 

manifest in the early stages in response to demand shocks and in the later 

stages in response to supply shocks. One possible explanation may be the 

location gap between inventories and the epicenters of the shocks. As crude 

oil is input material to be consumed, its inventories are mostly located near 
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consumers, such as at refining plants or in importing countries, rather than 

near producers. Thus, inventories in consumption regions function as 

immediate measures to buffer shocks and mitigate market fluctuations caused 

by demand shocks. On the other hand, when supply shocks occur, there might 

be a time lag before a shock is delivered to inventories in the consumption 

area, allowing speculative incentive to occur in the meantime. The results of 

the GLOBAL and US INVENTORIES are consistent with the models 

designed by Williams and Wright (1991) and Deaton and Laroque (1992), 

which set buffering inventories as the balancing point to smooth consumption. 

The only exception, that the US INVENTORY immediately buffered supply 

shocks after 2009, reflects the positive supply shock generated in the US.  

Although IRFs are useful in showing the dynamic path of changes in crude 

oil inventories, they do not measure the relative contribution of each shock. 

In order to assess the extent to which each shock changes crude oil inventories, 

forecast error variance decompositions (FEVDs) are also calculated. Table Ⅰ.2 

presents variance decompositions for forecast horizons of 12 months on 

average. From 2003 to 2008, the demand shock and the supply shock show 

similar contributions in the GLOBAL and US INVENTORIES but it is 

noteworthy for the CUSHING INVENTORY that the demand shock portion 

is 11.9%, nearly double that of the supply shock. Meanwhile, from 2009 to 

2018, the types of shock show a negligible difference between their influences.  
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Figure I.4 IRF result: Inventory responses to supply and demand 

shocks 
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Figure I.5 IRF result: Inventory responses to supply and demand 

shocks with 3-month futures price 

2003:M1 - 2008:M6 
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Figure I.6 IRF result: Inventory responses to supply and demand 

shocks with 6-month futures price 

2003:M1 - 2008:M6 
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Table I.2 FEVD result: Contribution of supply and demand shocks to 

the change in inventories  

2003:M1 – 2008:M6 

 GLOBAL  

INVENTORY 

US 

INVENTORY 

CUSHING 

INVENTORY 

Supply shock 8.6 7.0 6.6 

Demand shock 7.8 7.5 11.9 

    

2009:M1 – 2018:M5 

 GLOBAL  

INVENTORY 

US 

INVENTORY 

CUSHING 

INVENTORY 

Supply shock 16.9 15.4 7.9 

Demand shock 14.1 16.7 6.2 
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3.5 Robustness analysis 

The robustness of the results is verified in three ways: first, by using economic 

indices instead of crude oil consumption data for demand variables; second, 

by changing the duration of the sign restriction; third, by incorporating a 

structural time-varying parameter model. The price used in this robustness 

analysis is spot price as a benchmark.  

3.5.1 Alternative proxies for the demand variable  

The industrial production (IP) index for the ten largest oil-consuming 

countries10 and the Aruoba-Diebold-Scotti (ADS) business conditions index 

for the United States11 (Aruoba et al., 2009) are employed for the sensitivity 

tests on the demand data. The IRFs with these alternative data show similar 

trends to those with the benchmark data, confirming the robustness of the 

demand variable. The minor differences include widened error bands with the 

                                                           

 
10 The data is a weighted as the average of the United States, China, India, 

Japan, Russia, Saudi Arabia, Brazil, South Korea, Canada, and Germany 

based on the consumption of each country; the countries in the list accounted 

for 60% of the global oil consumption in 2015. The list was selected and 

published by the US EIA (2018), and the data are provided by the 

Organization for Economic Co-operation and Development (OECD) statistics 

and the Federal Reserve Bank (FRB) of St. Louis. The base year of each 

industrial production is 2010. 
11 The high-frequency business index of the US economy is reported on a 

weekly basis by the FRB of Philadelphia. Unlike other demand data of a 

global scope, it compares and analyzes the regional impact of the US 

economy on the oil market. This index is calculated by integrating economic 

indicators, such as weekly initial jobless claims, monthly payroll employment, 

industrial production, personal income less transfers payments, 

manufacturing and trade sales, and the quarterly real GDP of the United States 

(Aruoba et al., 2009).   
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IP index right after a shock and narrower error bands with the ADS index. 

One revealed feature that should be highlighted is the speculative response of 

the CUSHING INVENTORY to supply shocks in the 2009–2018 period, 

which was indefinite in the baseline model. The selling-off behavior of the 

speculative CUSHING INVENTORY is more convincingly unveiled with the 

ADS data since the supply shocks are primarily explained by the US 

production and economy during this period. This finding is in line with 

Ederington et al.’s (2018) claim that the Cushing inventory can be managed 

on speculative incentives.  

3.5.2 Duration of sign restrictions   

The duration of restriction imposed on SVAR is adjusted from 12 months in 

the benchmark model to 6 months to verify the robustness of the model 

specifications. In the IRFs, analogous trends but with larger medians are 

observed in the narrower error bands. The denser IRFs are presumed to be the 

result of more sub-draws satisfying the weaker sign restrictions in the flat 

Normal Inverted-Wishart posteriors.12  

3.5.3 Time-varying parameter model: Sign-restricted 

TVP-VAR-SV  

Time-varying coefficients and stochastic volatilities can be considered by 

using a TVP-VAR-SV approach (Primicieri, 2005; Baumeister and Peersman, 

                                                           

 
12  For a detailed description of the algorithm used in this study, refer to 

Danne’s (2015) ‘VARsignR’ manual for R. 
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2013; Poon, 2018) to compare them with the results from the baseline fixed-

parameter model. To maintain the consistency of the sign restrictions, the 

same identification scheme is applied to the structural base.13 Poon’s (2018) 

code is adjusted to our estimation, and the result is provided in Figure Ⅰ.7. 

Prompted by the time variance among the IRFs, periods with varied start 

times are investigated: the baseline starts (solid blue lines, i.e., blue); the 

2007:M1 and 2014:M2 starts, when prices surged and collapsed within each 

period (solid red lines, i.e., red); and additional starts for sensitivity checks 

(dashed gray lines, i.e., gray).  

In the 2003–2008 period, the GLOBAL and US INVENTORIES (blue) show 

parallel results with those of the baseline model, demonstrating the robustness 

of the econometric methods. Even though the IRFs from 2007 (red) and other 

years (gray) tend to have contracted responses compared to those starting in 

2003, the order in which speculation and buffer effects appear is the same. On 

the contrary, in 2009–2018, the GLOBAL INVENTORY and the US 

INVENTORY demonstrate a discrepancy between the TVP-VAR-SV model 

                                                           

 
13 In the case of the base model, formats of reduced-form VAR and SVAR 

models are used as they are (without utilizing the state space model) to 

estimate time-invariant parameters. However, in the case of this methodology, 

parameters are estimated by modifying the VAR model into a state space 

model to assign the parameters stochastically behaving properties. The model 

and the formula are based on the TVP-VAR-SV model described in Chapter 

2.3 of Part II, but it was extended to have sign restrictions. Therefore, this 

methodology further assumes the vector of structural shocks 휀𝑡  and 

impact/contemporaneous matrix 𝑆 , and IRFs are derived from by sign-

restricting TVP-VAR-SV.  
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and the fixed-parameter model. The IRFs starting in 2009 (blue) differ from 

the baseline IRFs but share the trends with those starting in 2014 (red). Each 

2009 and 2014 starting time coincides with when the oil market swung 

dramatically due to the economic downturn following the financial crisis and 

an increase in the production of unconventional oil, respectively. Accordingly, 

from the IRFs of TVP-VAR-SV, it can be inferred for the GLOBAL and US 

INVENTORIES that the fixed-parameter IRFs in 2009–2018 reflect ordinary 

periods from 2011, 2013, and 2016 (gray) on average, as opposed to the two 

irregular periods (blue and red).  

On the other hand, the baseline IRFs of the CUSHING INVENTORY appear 

to follow the unique 2014 pattern specifically out of the time-varying IRFs of 

the various periods, indicating the significance of 2014. It is additionally 

shown that each TVP-VAR-SV result from 2009 (blue) and 2014 (red) for the 

CUSHING INVENTORY deviates in opposite directions: in response to 

supply shocks, the IRF from 2009 (blue) increases while that from 2014 (red) 

decreases; in response to demand shocks, the IRF from 2009 (blue) decreases 

while that from 2014 (red) increases. As a result, it exhibits the speculative 

behaviors of the CUSHING INVENTORY in the plunging demand after the 

2008 financial crisis (blue, demand shock) and in the soaring supply with the 

2014 global overstocks (red, supply shock).    
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Figure I.7 Robustness result: responses of inventories to supply and 

demand shocks from sign-restricted TVP-VAR-SV 
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Chapter 4 Discussion 

Oil inventories can react to oil demand and supply shocks as a buffer to the 

market, as a facilitator of speculative trading, or both. However, empirical 

studies that have focused on inventory responses to shocks and addressed 

both behaviors have been sparse. In this article, therefore, we assess the 

dynamic responses of crude oil inventories to both supply and demand shocks 

using the framework of SVAR, dividing our full sample into two distinct 

periods, from January 2003 to June 2008 and from January 2009 to May 2018. 

Global, US, and Cushing, Oklahoma crude oil inventories are compared by 

narrowing down the regional scale and the aggregate level of inventories. The 

key results are summarized below.  

In the period of 2003–2008, when demand surges, the global and US 

inventories do not behave speculatively until they are released to meet the 

growing demand. The speculative incentives appear to have persisted as long 

as the buoyancy of the market was expected. In the case of the Cushing 

inventories, speculative behaviors are found in the pursuit of excessive profits 

at the initial points of the shocks. On the other hand, when unexpected supply 

disruptions occur, the global and US inventories are hoarded, but they soon 

buffer the shocks by releasing oil to compensate for the supply shortage.  

During the period of 2009–2018, in response to the outbreak of oversupply in 

the global oil market, the global and US inventories absorb the glut, which 
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reveals the buffer role of crude oil inventories. Since the United States is the 

main epicenter of the supply shocks, the US inventory reacts more quickly 

than the global inventory. When it comes to the Cushing inventory, its buffer 

role is detected, but the speculative behaviors of selling off inventories are 

unveiled through alternative data, model specification, and time-varying 

estimation. During this period, negative demand shocks lead to surplus oil, 

which is directly stored in inventories.  

Overall, the buffer role of inventories is found to have been immediate in 

response to demand shocks but gradual in response to supply shocks. An 

interpretation of this tendency is that since inventories are mainly located in 

consumption areas, they are the primary means of mitigating fluctuations in 

demand, which is in line with the models of Williams and Wright (1991) and 

Deaton and Laroque (1992). Another notable point is the instantaneous 

speculative responses of the Cushing inventory, emphasized in the additional 

robustness analysis. Especially in the 2003–2008 period, the speculative role 

seems dominant, with minimal buffer function. Furthermore, in 2014, a 

temporary inventory sell-off during the price decline and oversupply is 

confirmed through the time-varying parameter estimation. Our results support 

Ederington et al.’s (2018) claim regarding the speculative operation of the 

Cushing inventory. 

The analysis methods employed in this study are derived from those of the 

structural models of Kilian and Murphy (2014), Kilian and Lee (2014), 
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Bedias-Strom and Pescatori (2014), Lombardi and Van Robays (2011), and 

Juvenal and Petrella (2015). However, as opposed to previous studies, which 

have centered on speculative inventory changes as exogenous shocks, this 

study distinguishes itself by exploring both the speculative and the buffer 

roles of inventories as endogenous responses to supply and demand shocks. 

Future research could expand on this by delving into the hidden influence of 

endogenous inventory responses on prices.  

Several potential drivers not considered in this analysis are interest rate 

shocks (Wong, 2013), exchange rate shocks (Tokic, 2014), financial activity 

shocks (Rombardi and Van Robays, 2011), and country-specific shocks (Liu 

et al., 2016). They can be further examined using the current framework, but 

such shocks likely primarily influence price and would only indirectly affect 

inventories. Although the responses of inventories to supply and demand 

shocks do not seem to be significantly altered, the behaviors in response to a 

new shock may provide undiscovered information. On the other hand, when 

additional sign restrictions are imposed with added shocks, prudence is 

needed to assure that structural shocks are uniquely identified. 

This research is based on the political viewpoint that energy commodities can 

be an investment asset, whereas energy inventories should not be. If 

speculation on energy inventories is not based on rational balancing but on 

financial hoarding, inventories could lose their primary role as buffers and 

become a speculative investment target. It is then producers and consumers 
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that suffer from the shocks and imbalances of the oil market. The research 

results in this study insinuate suspicion regarding the current role of crude oil 

inventories, unveiling cases where the inventories have been overwhelmed by 

speculation. Therefore, it is suggested that a balanced role be restored through 

political efforts to ensure not only the autonomy of the physical commodity 

market but also the economic welfare of and energy justice for producers and 

consumers. 
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Part II Hoards of aluminum inventory and its 

speculative incentives 

Chapter 1 Motivation 

Aluminum is a light-weight, durable, ductile, and corrosion-resistant base 

metal that has been key engineering material of our time. Aluminum is 

processed from alumina, the primary raw material of aluminum, and is 

extracted from bauxite ore, which is a clay mineral consisting of aluminum 

hydroxide, iron, silicon, titanium, Sulphur, gallium, chromium, etc. The 

modern transportation, construction, aviation, energy, packaging, and 

consumer goods industries cannot exist without aluminum, with about 12 Mt 

of yearly primary production and global consumption (Nappi, 2013) 14 . 

                                                           

 

14  The geographic distribution of bauxite is located in tropical and 

subtropical areas, such as Australia (32%), Brazil, (15%), China (14%) and 

Indonesia (11%). The major producers of alumina are China (35%), Australia 

(23%), Brazil (11%), India (11%), with China becoming the largest alumina 

producer on imported Indonesian bauxite. Since the process of alumina to 

primary aluminum requires huge amounts of electricity (15 MWH per tonne 

of aluminum production), countries that can use low-priced energy as well as 

abundant bauxite have a dominant position in producing primary aluminum. 

Therefore, China, which has rich resources and low electricity prices, 

accounts for the 39% of market share, followed by Russian (9%), Canada 

(7%), the Middle-East (6%), Australia (5%), and United States (4%). Today, 

more than half of global primary aluminum is consumed by China (41%) and 

United States (11%), and almost half of global primary consumption is 

accounted by BRICs (Brazil, Russia, India, China) nations (refer to Figures 

in Appendix B and Nappi, 2013). 
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Aluminum is also one of the world’s largest exchange commodity for base 

metals in terms of trading volumes, especially in the London Metal Exchange 

(LME), the largest base metal exchange in the world, accounting a third of 

contracts traded on the LME. The settlement price determined in the LME is 

considered a benchmark of global aluminum prices and a reference for 

physical contracts. Since the LME authorize more than 700 warehouses to 

store aluminum inventories worldwide, the aluminum trading in LME serves 

as the indicator of global aluminum flow in terms of price and volume.  

On this background, this study analyzes the increase in inventory in the 

aluminum market since 2008 for speculative purposes, focusing on the 

LME’s aluminum prices and inventories. The financial crisis triggered by the 

subprime mortgage debacle of 2008 dampened global demand for raw 

materials. Aluminum was not an exception, and with the sharp drop in 

demand, the resulting surplus made its way to the warehouses of the LME. 

LME aluminum stocks accumulated rapidly, increasing dramatically in a 

short period, from 940,000 tons in January 2008 to 4.61 million tons in 2010. 

Consequently, aluminum spot prices dropped substantially from 3,067 

US$/mt in July 2008 to 1,424 US$/mt in January 2009. A similar picture was 

provided by other commodity markets in the wake of the 2008 financial crisis. 

However, the aluminum market has behaved strangely since then. 

Unprecedented amounts of high inventories and contango in the aftermath of 

the financial crisis offered an unexpected opportunity for substantial profits. 
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The first beneficiaries were speculators and inventory holders, who realized 

profits by buying commodities at a lower spot price, storing them as inventory, 

and selling futures at a higher price. This strategy, known as “financing deal,” 

is estimated to have locked up about 70% of the metal stored in LME-

registered warehouses as of 2011 (Desai et al., 2011). Also, lower interest 

rates since 2008 reduced the financing costs for managing inventory, allowing 

investors to enjoy more arbitrage opportunities. The second beneficiaries 

were the warehouse operators profiting from rental income associated with 

storing commodities. Since 2010, bank holding companies and commodity 

trading companies have entered the warehouse business aiming to benefit 

from huge rental profits by purchasing warehouse operators. For instance, 

Goldman Sachs took over Metro International Trade Services (Metro) in 

Detroit, Glencore purchased Pacorini Metals from Vlissingen in the 

Netherlands, while JP Morgan and Trafigura moved into the warehouse 

operation business as well. Third, in addition to profiting from inventory sales, 

aluminum producers benefitted indirectly from rising premiums 15 , thus 

realizing additional profits.  

                                                           

 
15 Aluminum premiums refer to the difference between the final purchase 

price of the buyer at the exchange and the LME official price, which reflects: 

(1) the quality difference between the LME standard and the traded 

commodity; (2) the shipping costs incurred during the delivery from the LME 

warehouse; (3) the Free on Truck, FoT costs. Most of the influence comes 

from storage costs during the queueing between the delivery decision and the 

actual delivery date and opportunity cost generated from the waiting (LME, 

2013). 
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All these monetary benefits gave speculative incentives to investors, 

warehouse operators, and producers, to hold more inventory in warehouses, 

so the inventory levels kept increasing even after the crisis subsided and 

demand recovered. However, in areas such as Detroit, USA, and Vlissingen, 

Netherlands, it became difficult to buy aluminum despite the abundant 

inventory availability. The reason is that, at the time, the LME limited daily 

delivery to 1,500 tons by area, and when large quantities of inventory were to 

be shipped out, buyers had to wait for a long time to get the aluminum 

delivered. In 2014, as the queue for inventory delivery in a Detroit warehouse 

rose to over 500 days, premiums surged by up to 25% of the spot price of 

aluminum. This series of events raised suspicions about market manipulation 

by bank holding companies that own warehouse operators. The ensuing 

federal investigation only found some circumstantial evidence (US Senate 

Permanent Subcommittee on Investigations, 2014). During the process, the 

tight market, soaring premiums, sustained contango, and high inventory 

created a vicious cycle of even higher incentives for more inventories to be 

held. 

Due to this alarming trend, LME-registered aluminum warehouses were 

criticized as a hotbed for speculation and market manipulation. Concerns 

were raised over the LME’s loss of position as a last resort for procurement 

of commodities by not addressing liquidity issues. Speculative inventory 

purchasing in the aluminum market sent political and social shockwaves. In 
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particular, complaints by major consumers of aluminum Coca-Cola and 

Novelis led to a major lawsuit against bank holding companies with 

warehousing interests. The US Senate began looking into allegations of 

manipulation by bank holding companies in physical trading (US Senate 

Permanent Subcommittee on Investigations, 2014) and the US regulators such 

as Federal Reserve Bank (FRB) and the Commodity Futures Trading 

Commission started to take action as well. As the LME lifted the daily load-

out limits and interest rates recovered along with the economy, bank holding 

companies started to sell warehouse operators, leading to a decline in 

inventories. 

Given the forms of speculation in the commodity markets examined above, 

aluminum availability is an issue of major social significance but is rarely 

discussed in academic circles. Furthermore, the political and social debate 

around the purchase of aluminum inventory has not been properly addressed 

by positive economics. This problem was pointed out by Stevens and Zhang 

(2017), who analyze aluminum premiums to detect market speculation and 

manipulation. The authors mention that despite the circumstantial evidence 

available, no rigorous analysis has been conducted to support it. In fact, 

quantitative research on aluminum inventory purchase has developed 

significantly more slowly than for the oil and agricultural markets, where 

similar debates take place.  

Against this backdrop, this study analyzes the relationship between aluminum 
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inventory and prices by extending the theory of storage, a representative 

theory on inventory in resource economics, and shows whether arbitrage 

opportunities and capital gains16 from aluminum inventories is a significant 

determinant behind inventory accumulation. Our analysis focuses on the 

period from January 2009 to June of 2017, during which aluminum was 

traded in the aftermath of the financial crisis, and compare this period against 

the post-period from January 2015 to December 2017. The analysis comprises 

three steps: First, by calculating adjusted basis, we examine when capital 

gains were generated from inventories and whether these periods match the 

high-inventory period; second, the co-movement between inventory and 

capital gain is analyzed with time-varying regressions; third, the impulse 

response of inventory to a capital gain shock is analyzed to identify whether 

inventory growth lasted for some time following the emergence of greater 

capital gain opportunities.  

                                                           

 
16   The remainder of this study will use the term “capital gains” instead of 

“arbitrage profit” to refer to the monetary benefit arising from trading 

commodities, except for the case when there is only arbitrage profit. This 

follows the perspective of Kaldor (1939), who regards raw materials as 

working-capital-goods, and the discussions in Telser (1958), Moosa and Al-

Loughani (1995), and Kolodziej et al. (2014). The profits from speculative 

trading described in this study can be generated not only by risky speculative 

trading, but also by riskless arbitrage trading. The former type of trading 

consists in buying commodities at lower price, store them, and sell them later 

at higher price; the latter type of trading consists in buying spot commodities 

at a lower price, store them, and at the same time sell them at higher price 

elsewhere. Thus, capital gain is a more appropriate term in the sense of 

monetary gain from capital assets irrespective of its riskiness than arbitrage 

profit, whose meaning is confined to riskless profit. 
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This paper is organized as follows. The rest of this section provides the 

theoretical background by introducing existing theories and explains our 

differences to the literature. Section 2 describes the methodologies used for 

the analysis. Section 3 presents the data used in the analysis and the results. 

Finally, section 4 summarizes the main results of this study and presents 

academic and policy implications. 
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1.1 Literature review and theoretical framework 

Returns from holding inventory depend on whether the market is in 

backwardation or contango. In (super) contango 17 , the inventory holder 

makes capital gains by buying spot commodity at a lower price, storing it, and 

selling its futures at a higher price. In backwardation, conversely, holding 

inventory incurs losses due to the futures price being lower than the sum of 

the spot price and storage costs. In the theory of storage, scholars like Kaldor 

(1939), Working (1949), Brennan (1958), and Telser (1958) focus on 

backwardation since commodity market equilibrium is achieved when the 

market is in backwardation. To balance the equilibrium, according to this 

theory, convenience yield offset the monetary loss caused by backwardation 

with non-monetary benefit which accrues to inventory holders from the 

instantaneous availability of the commodity in case of supply shortage and a 

surge in demand. This (marginal) convenience yield decreases with inventory 

accumulation, explained as in the theory of storage. 

While academic interest has centered on backwardation, contango has 

attracted little interest because the non-arbitrage assumption in the theory of 

storage treats contango as temporary. The theory briefly mentions that when 

opportunities for arbitrage profit or capital gains arise, new inventory holders 

enter the market and the opportunities immediately disappear. For this reason, 

                                                           

 
17 Super contango is when futures price is higher than the sum of spot price 

and storage costs. 
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studies on the relationship between capital gains and inventories are few, 

whereas analysis of the convenience yields and inventories are numerous. A 

rare example is provided by Kolodziej et al. (2014), who determine whether 

crude oil is a physical commodity with a convenience yield or a financial asset 

with capital gains by analyzing daily returns in backwardation and contango. 

Ederington et al. (2011) and related series of working papers (Ederington et 

al., 2016, 2017, 2018) explore inventory increases during 2003-2008 

responding to opportunities for arbitrage profits. These studies, however, 

target at the crude oil market, while no studies have analyzed capital gains 

and inventories in the base metal markets, especially aluminum.  

Within this context, this study provides an analysis of capital gains and 

inventories in the aluminum market, borrowing the idea of Ederington et al. 

(2011). In our study, capital gains are computed as price spread, namely, 

futures price minus the sum of spot price and storage costs, with negative 

values approximating convenience yields. To collectively refer to both capital 

gains and convenience yields, the spread in this study is referred to as 

“adjusted basis,” following the term interest-adjusted basis in Fama and 

French (1988)18. The salient difference between our study and Ederington et 

al. (2011) is that while that study assumes a fixed relationship over the entire 

                                                           

 
18 We eliminated “interest” in our term, since we reflect warehousing rental 

rates as well as interest rates, as opposed to Fama and French (1988) who only 

included interest rates and assume that other storage costs are zero.  
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sample period by estimating time-invariant coefficients, we allow for changes 

in the relationship over time due to the effects of backwardation and contango 

by computing time-varying coefficients. The reason for this assumption is to 

allow us to discover the relationship between inventory and adjusted basis in 

the case of contango, in a similar way to the positive relationship between 

these variables that has empirically been found by the theory of storage when 

the market is backwardated. To do this, we estimate a time-varying regression 

and perform a time-varying vector autoregression (VAR) analysis using the 

state-space model instead of conventional methodologies. To the best of our 

knowledge, this application of the state-space model to the analysis of 

inventory and adjusted basis is presented here for the first time in the literature.  

Another point emphasized in our analysis is the role of warehouse costs. Most 

studies on the convenience yield have assumed warehouse costs as zero as it 

is generally difficult to have access to the related data, and even if data is 

available, it is often ignored for tractability. Only a handful of studies (Geman 

and Ohana, 2009; Geman and Smith, 2013; Omura et al., 2015; Kim et al., 

2014, 2017) integrate warehouse costs into the analysis, but they are not 

considered important in the literature. This study, on the other hand, considers 

warehouse costs as a key factor determining the size of capital gains from 

inventories. It is known that warehouse costs discounted from the headline 

rent of the LME through private negotiation (LME, 2013) are offered as 

incentives for inventory holders to stock more (Vazquez, 2014). As the 
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discount rate is not publicly available, we analyze capital gains with gradually 

rising discount rates as an alternative. Besides this study, there has been little 

research that emphasizes the importance of warehouse costs or attempts to 

analyze storage costs by applying discount rates. 
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Chapter 2 Methodology 

2.1 Adjusted basis: Arbitrage profit vs. convenience yield 

The adjusted basis for approximating capital gains and convenience yields 

can be calculated following Eq. (1), which is an extension of the interest-

adjusted basis of Fama and French (1988):  

𝐴𝐵𝑡,𝑇 =
𝑓𝑡,𝑇−{𝑠𝑡(1+𝑟𝑡,𝑇)+𝑤𝑡,𝑇}

𝑠𝑡
,    (1) 

where, 𝐴𝐵𝑡,𝑇 is the adjusted basis, 𝑠𝑡 is the spot price, 𝑓𝑡,𝑇 is the futures 

price at the time of delivery 𝑇, the financing cost (interest rates) incurred up 

to time 𝑇 is 𝑠𝑡𝑟𝑡,𝑇, and the warehouse storage cost (rental rates) is 𝑤𝑡,𝑇. The 

adjusted basis is derived from the cost-of-carry model, in which the futures 

price equals to the sum of the spot price and cost of carry (𝑐𝑡,𝑇 = 𝑠𝑡𝑟𝑡,𝑇 +

𝑤𝑡,𝑇), given the non-arbitrage assumption. However, if  

𝑓𝑡,𝑇 > 𝑠𝑡 + 𝑐𝑡,𝑇 ,     (2) 

market participants will buy the commodity at the spot price and store it as 

inventory to make capital gains in a futures transaction. The number of capital 

gains the market participant will make may be represented in terms of the 

adjusted basis as follows: 
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𝜑𝑡,𝑇 = {
𝑓𝑡,𝑇−{𝑠𝑡(1+𝑟𝑡,𝑇)+𝑤𝑡,𝑇}

𝑠𝑡
= 𝐴𝐵𝑡,𝑇 ,

0,
    (3) 

where 𝜑𝑡,𝑇 refers to capital gain and equals to the adjusted basis only if it is 

positive. While capital gains are made, the marginal convenience yield 

becomes negligible or zero because the function of the inventory is beyond 

the precautionary or balancing role and is used for speculative purposes 

instead (Kaldor, 1939; Brennan, 1958; Moosa and Al-Loughani, 1995; 

Kolodziej et al., 2014). The opportunity to make capital gains increases 

demand of commodity in the spot market to accumulate inventory while the 

supply of futures to sell decreases. In time, this will push the futures price 

upwards and the spot market downwards, striking a balance in supply and 

demand that makes the arbitrage opportunity disappear.  

By contrast, if  

𝑓𝑡,𝑇 < 𝑠𝑡 + 𝑐𝑡,𝑇 ,    (4) 

inventory holding yields losses, and there is no incentive for arbitrageurs to 

buy spot commodities and store them. Thus, it is reasonable to sell inventories 

and buy futures in this case. However, instead of selling the entire inventory, 

traders hold some stock to prepare for emergencies or absorb market shocks. 

This non-monetary benefit of inventory is referred to as convenience yield 

and may be represented as:  

𝑤ℎ𝑒𝑟𝑒 𝐴𝐵𝑡,𝑇 ≥ 0 
 

𝑤ℎ𝑒𝑟𝑒 𝐴𝐵𝑡,𝑇 < 0 
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𝜓𝑡,𝑇 = {
{𝑠𝑡(1+𝑟𝑡,𝑇)+𝑤𝑡,𝑇}−𝑓𝑡,𝑇

𝑠𝑡
= −𝐴𝐵𝑡,𝑇 ,

0,
    (5) 

where 𝜓𝑡,𝑇 is the convenience yield of the inventory and equals to the 

absolute values of the adjusted basis only when it is negative. According to 

the theory of storage, convenience yields are always non-negative (Kaldor, 

1939; Brennan, 1958). 

  

𝑤ℎ𝑒𝑟𝑒 𝐴𝐵𝑡,𝑇 ≥ 0 
 

𝑤ℎ𝑒𝑟𝑒 𝐴𝐵𝑡,𝑇 < 0 
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2.2 Dynamic linear regression between inventory and 

adjusted basis 

The main tenet of the theory of storage is that as inventory increases its 

marginal convenience yield decreases. This explains the fact that when the 

adjusted basis is negative, regression coefficients for the inventory should be 

positive. However, the adjusted basis has both positive and negative values in 

our setup, and there is no theory to explain positive values. Thus, we cannot 

assume, as in previous research, a single relationship throughout the entire 

analysis period and should be open to the possibility that the relationship may 

change depending on whether the basis is positive or negative. Based on this 

consideration, the time-varying coefficient for the inventory and adjusted 

basis is represented by the following equation: 

𝐴𝐵𝑡 = 𝛼𝑡 + 𝛽1𝑡𝐼𝑡 + 𝛽2𝑡𝑆𝑡 + 𝛽3𝑡𝐷𝑡 + 휀𝑡, 휀𝑡 ~ 𝑁(0, 𝛴),    (6) 

where, 𝐼𝑡  is inventory variable, and 𝛽1𝑡  is the relationship between 

inventory and adjusted basis. To control for other factors in the relationship, 

we incorporate a supply 𝑆𝑡 and a demand 𝐷𝑡 into the model. By doing so, 

the influence of low demand and excess supply in the aftermath of the 2008 

financial crisis can be accounted for. 

The relationship between the inventory and adjusted basis can be classified 

into three types: 1) if 𝐴𝐵𝑡,𝑇 < 0 and 𝛽1𝑡 > 0, convenience yield decreases 

(increases) as the inventory increases (decreases), showing that the theory of 
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storage stands to reason; 2) if 𝐴𝐵𝑡,𝑇 > 0 and 𝛽1𝑡 < 0, capital gains decrease 

(increase) as inventory increases (decrease), indicating that in the case of 

capital gains, prices adjust to yield decreasing capital gains as inventory is 

stored. This is consistent with economic logic; 3) if 𝐴𝐵𝑡,𝑇 > 0 and 𝛽1𝑡 > 0, 

both inventory and capital gains increase together, which can be interpreted 

as a speculative relationship given that the influence of supply and demand is 

controlled for. To sum up, the regression coefficient 𝛽1𝑡 shows whether the 

relationship between adjusted basis and inventory indicates a link between 

convenience yield and inventory, an equilibrium adjustment process, or a 

speculative comovement. 

The time-varying regression coefficients in Eq. (6) are estimated using a 

Kalman filter and a Kalman smoother of the state-space model. The time-

varying 𝛽𝑖𝑡 in Eq. (6) is set to an unobservable state variable following an 

independent random walk: 

𝛽𝑖𝑡 = 𝛽𝑖𝑡−1 + 𝜖𝑖𝑡, 𝜖𝑖𝑡 ~𝑁(0, 𝑉𝑖) 𝑎𝑛𝑑 𝑖 = 1, 2, 3.  (7) 

The models in Eq. (6) and (7) are introduced as one of the Dynamic Linear 

Models (DLM) in Petris et al. (2009). In the general state-space model 

estimation, the state variable 𝛽𝑖𝑡  and unknown parameters 𝛴  and 𝑉𝑖 are 

estimated via maximum likelihood (Durbin and Koopman, 2012), but in our 

study, we use a Bayesian approach that takes into account the cases where 

analytic closed solutions cannot be obtained. Simulation techniques follow 
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Petris et al. (2009) and we apply Gibbs sampling along with the Forward 

Filtering Backward Sampling (FFBS) algorithm of Carter and Kohn (1994). 

Bayesian techniques have the advantage of being able to overcome the degree 

of freedom issue due to large-scale parameters that is present in this study and, 

in addition, helps maintain the level information because it does not impose 

a stationarity condition by first difference on the time series. Bayesian 

techniques are also convenient for the reliable estimation of relatively short 

time series.  

Eq. (6), while inventory is set as an independent variable with an adjusted 

basis as the dependent variable, it is also possible to set inventory as the 

dependent variable and adjusted basis as an independent variable. In other 

words, if there is a bidirectional relationship, the estimation of Eq. (6) may 

suffer from an endogeneity bias that would need to be corrected. To deal with 

this potential issue, we introduce a Vector Autoregression model in Section 

3.3.  
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2.3 Time-varying parameter vector autoregression with 

stochastic volatility  

To deal with the issue of endogeneity and also take into account the time lag 

between variables, the relationship between adjusted basis and inventory is 

examined through VAR analysis. As in the DLM, this type of model allows 

changes over time in the relationship between inventory and adjusted basis. 

In addition, the VAR analysis assumes that the variance of the error, as well 

as the regression coefficients, change over time by using a Time-varying 

parameter vector autoregression with stochastic volatility (TVP-VAR-SV) 

model. As in the previous analysis, supply and demand fundamentals are 

incorporated as control variables for analytical consistency. 

For our analysis, the TVP-VAR-SV model with time-varying coefficients and 

variance-covariance matrix is given by: 

𝑦𝑡 = 𝑋𝑡𝛽𝑡 + 𝑢𝑡 , 𝑢t~𝑀𝑁(0, 𝛺𝑡),   (8) 

where 𝑦𝑡  is a vector of observations of endogenous variables, 𝑢𝑡  is an 

vector of errors with time varying variance-covariance matrix Ω𝑡, 𝑋𝑡 is a 

matrix containing lagged endogenous variables and lagged control variables 

for supply and demand.  

Estimation follows the Bayesian method19 of Primiceri (2005) and Koop and 

                                                           

 
19 As in section 3.2, the analysis is based on the Bayesian method for the 
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Korobilis (2010). First, a triangular decomposition is performed on Ω  so 

that the error term 𝑢𝑡 can be transformed into an orthogonal impulse with 

time varying covariance matrix given by: 

𝛺𝑡 = 𝐴𝑡
−1𝐷𝑡𝐴𝑡

−1′
,    (9) 

where 𝐴𝑡  is a lower triangular matrix of with unit diagonal elements and 

below diagonal elements 𝛼𝑡, and 𝐷𝑡 is a diagonal matrix with elements 𝜎𝑡 

having a univariate stochastic volatility specification.  

To make the parameters change with time, the state-space model is used as in 

the case of DLM, so 𝛽𝑡, 𝛼𝑡, 𝜎𝑡  correspond to the state variables. These 

parameters are assumed to evolve according to the following dynamics: 

𝛽𝑡 = 𝛽𝑡−1 + 𝜈𝑡, 𝜈𝑡~𝑁(0, 𝑄),        (10) 

𝛼𝑡 = 𝛼𝑡−1 + 휁𝑡 , 휁𝑡~𝑁(0, 𝑆),  

𝑙𝑜𝑔𝜎𝑡 = 𝑙𝑜𝑔𝜎𝑡−1𝑡−1
+ 휂𝑡 , 휂𝑡~𝑁(0, 𝑊),  

In Eq. (10), 𝛽𝑡  and αt  are assumed to follow a random walk processes, 

while σt  follows a geometric random walk under a stochastic volatility 

                                                           

 

following reasons: First, it is suitable for estimating variable parameters in a 

way that appropriately deals with constraints on the degree of freedom due to 

large-scale parameters. Second, it does not impose stationarity on the time 

series thus maintaining the information level of the specification. Third, it is 

possible to make reliable estimations, even for a short time series. 
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model. The errors of the state variables 𝜈𝑡, 휁𝑡 , 휂𝑡 are set to normal distributed 

with positive definite variance-covariance matrices 𝑄, 𝑆, 𝑊. The estimation 

of the parameters is done through simulation using the Gibbs sampling 

method. R code developed by Krueger (2015) is used. This code is based on 

the algorithm of Primiceri (2005), but Del Negro and Primiceri (2015) 

improved the previous sampling result in Primiceri (2005). Following 

Primiceri (2005)’s methodology, which used a certain number of observations 

as training samples to set up the prior distributions of parameters, this study 

uses the first 60 observations as training samples. The ordinary least squares 

(OLS) estimates (�̂�, �̂�, �̂�) obtained from the training samples are input as the 

prior distributions of 𝛽, 𝛼, 𝑙𝑜𝑔𝜎 as shown in Eq. (11). The initial values of 

the prior distributions of 𝛽 , 𝛼, 𝑙𝑜𝑔𝜎  are set to normal and the prior 

distributions of 𝑄, 𝑊, 𝑆 are assumed to follow an Inverted Wishart: 

𝛽0~𝑁 (�̂�, 5𝑉(�̂�)),    (11) 

𝛼0~𝑁(�̂�, 5(�̂�)), 

𝑙𝑜𝑔 𝜎0 ~𝑁(𝑙𝑜𝑔�̂�, 𝐼𝑛), 

𝑄~𝐼𝑊 (𝑘𝑄
2 , 60𝑉(�̂�)), 

𝑊~𝐼𝑊(𝑘𝑊
2 , 5𝐼𝑛, 5), 

𝑆~𝐼𝑊(𝑘𝑆
2, 5𝑉(�̂�), 5), 
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where the multipliers of the variance-covariance matrices and degrees of 

freedom are set to 5, which is the number of dimensions of the matrix plus 

one. We set kQ = 0.01, 𝑘𝑆 = 0.1, 𝑘𝑊 = 0.01 so that the prior distribution is 

not flat but appropriately diffused and uninformative (Primiceri, 2005). The 

convergence of the simulation is confirmed by burning in the first half of 

simulated draws and by testing various initial values. 

In order to confirm the robustness of the time-varying models, the time-

invariant coefficients of the traditional reduced-form VAR in Eq. (12) is 

estimated for comparison:  

𝑦𝑡 = 𝑋𝑡𝛽 + 𝑒𝑡, 𝑒𝑡~𝑀𝑁(0, Ξ).   (12) 

The description of the variables is the same as in Eq. (8). This model is similar 

to Eq. (8), except that the regression coefficient 𝛽  and the variance-

covariance matrix Ξ of the error term 𝑒𝑡 are time-invariant.  

The results of the time-varying VAR and time-invariant VAR are reported as 

impulse response functions that measure how variables change in response to 

a shock.  
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Chapter 3 Empirical results 

3.1 Data 

3.1.1 Price, supply, and demand 

Our analysis runs from January 2009, when the aluminum inventory 

increased sharply, to December 2017, the last time for which data are 

available. The spot price of aluminum is the cash price of the LME Aluminum 

99.7% (US$/mt), the futures price is given by the 3- and 15-month futures 

prices of LME Aluminum 99.7% (US$/mt). As for the aluminum supply, the 

world aluminum production data is used. Prices, supply, and aluminum 

inventory data were obtained from Thomson Reuters Datastream. The 

demand for aluminum is the weighted average of the index of industrial 

production index of the seven largest importers in the world provided by the 

OECD to the GDP of the respective country. The seven countries—China, 

France, Germany, Italy, Japan, Republic of Korea, and the United States— 

were selected based on aggregate data of the International Trade Center (ITC) 

for 2017. As for the interest rate, the US treasury rate provided by the Federal 

Reserve Bank (FRB) of St. Louis was used. Inventory variable data comes 

from the LME total warehouse stocks (kt). Overall, the inventory maintained 

a high level since the dramatic spike recorded in the wake of the 2008 

financial crisis but started to decrease as regulations went into effect and 

many bank-holding companies sold their warehouse businesses by 2014.  
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3.1.2 Warehouse rental rates 

The cost of aluminum storage is the LME warehouse rent rates per day 

(US$/mt), released by the LME. Once the rate is decided by each warehouse 

operator, the rental rates for the LME warehouses around the world from 

March to April of the following year are published by the LME by warehouse 

operator in each region and by the product for storage. In this study, two 

sources were used for warehouse rental rates: the costs for 2014-2017 were 

derived from the average of the rental charges announced on the LME website 

and the costs for 2009-2013 were approximated from the graph provided by 

the LME (2013). The headline rent announced by LME is the maximum rent 

of each warehouse, and thus, it is customary for customers to receive a rental 

discount based on the quantity and duration of storage. Since the discount rate 

is negotiated separately with each company, no specific data is published. 

Thus, in this study, an analysis was carried out with the warehouse cost at a 

discount rate of 10%, 30%, 50%, and 70% of the headline rental cost, 

respectively. According to Vazquez (2014), an analyst at HARBOR 

Aluminum, an aluminum price and forecast service company, in 2014 the 

daily headline rent announced by Detroit's Metro was 51 cents/t, while the 

actual rental cost estimated by HARBOR was less than 7 cents/t. According 

to these estimates, it is assumed that the inventory holders received a discount 

of over 80% from the warehouse companies. 

Most of the time series used in this study are non-stationary according to the 
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results of the Augmented Dickey-Fuller method. With this in mind, time-

series data were processed depending on the analysis method. In the case of 

the DLM (Eq. 6) or TVP-VAR-SV (Eq. 8), in which the state space model 

specification is adopted, and Bayesian estimation is performed, stationarity 

of the time series is not enforced and preprocessing of data is not required 

(Petris et al., 2009). Therefore, in both analyses, the non-stationarity of the 

data is not removed, but the data are nevertheless standardized by subtracting 

the mean value from each time series and dividing by the corresponding 

standard deviation. This approach has the advantage of allowing easy 

comparison of the magnitudes of the estimated regression coefficients 

(Woodridge, 2013). To see why removing the unit-roots of a time series in the 

case of Bayesian estimation is not necessary one may refer to Sims (1988), 

and applications to VAR are found in studies such as Rafiq and Mallick (2008) 

and Arias et al. (2018). In the traditional abbreviated VAR (Eq. 12) the time 

series must be stationary, so the non-stationary time series was differenced. 

For the inventory and production variables, log-differenced data was used, 

and for adjusted basis and demand variables, differenced data were used20. 

The descriptive statistics of the raw data used for the analysis are listed in 

Table Ⅱ.1, and the trends are shown in Figure Ⅱ.1. 

                                                           

 
20 The log difference is applied to inventory and supply data and it has an 

effect to adjust their scales. The log cannot be taken to negative values like 

adjusted basis and is useless when data is an index as the demand variable in 

our analysis.       
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The data input in this research runs from January 2004 to December 2017. 

The main target period for analysis is between January 2009 to June 2014, 

during which aluminum inventories were purchased and remained at a high 

level. The result of the analysis during that period is then compared with the 

post period after January 2015, when one of the key players, Goldman Sachs, 

sold Detroit Metro International Trade Services and left the business. The data 

from January 2004 to December 2008 are used as training samples for the 

TVP-VAR-SV analysis and thus, the results from this period are not reported 

in the DLM and TVP-VAR-SV. However, the adjusted basis in this training 

sample period is reported to show the differences in the targeted period.   
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Table II.1 Descriptive statistics 

2009:1-2014:6 Obs Mean 
Std. 

Dev. 
Min Max 

 
World Aluminum 

Production  
66 3853  454  2970  4494  

 Industrial Production  66 99.50  3.17  90.63  102.82  

 
LME Aluminum 

Warehouse Stocks  
66 4734  559  2551  5452  

 
LME Aluminum Spot 

Price 
66 1998.5  308.0  1338.1  2678.1  

 
LME 3-Month Futures 

Price 
66 2030.4  303.5  1373.4  2698.4  

 
LME 15-Month Futures 

Price 
66 2127.5  287.7  1513.3  2773.7  

 
LME 3-Month Adjusted 

Basis  
66 0.28  0.47  -0.83  1.00  

 
LME 15-Month Adjusted 

Basis 
66 -0.31  1.50  -3.25  3.55  

2015:1-2017:12 Obs Mean 
Std. 

Dev. 
Min Max 

 
World Aluminum 

Production  
36 3757  829  2440  5162  

 Industrial Production  36 101.67  3.34  90.63  108.28  

 
LME Aluminum 

Warehouse Stocks  
36 2874  1809  500  5452  

 
LME Aluminum Spot 

Price 
36 2044.7  402.8  1338.1  3067.5  

 
LME 3-Month Futures 

Price 
36 2067.6  405.9  1373.4  3116.2  

 
LME 15-Month Futures 

Price 
36 2101.8  395.6  1513.3  3231.7  

 
LME 3-Month Adjusted 

Basis  
36 -0.51  1.07  -4.79  1.06  

 
LME 15-Month Adjusted 

Basis 
36 -5.28  5.60  -20.10  3.55  
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Figure II.1 Inventory and price trends 
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3.2 Arbitrage profits in aluminum hoarding periods 

The adjusted basis of 3-month futures and 15-month aluminum futures from 

Eq. (1) is shown in Figures Ⅱ.2-Ⅱ.3. Although the focus of this study is the 

period from January 2009 to June 2014 (shaded red in the figures), both the 

preceding period (2004-2009) and the succeeding period (2015-2017) are also 

included for comparison. 

From January 2009 to June 2014, the adjusted basis was prevalently positive 

while the negative basis appeared only temporarily with the frequency 

decreasing as the discount increased. Figure Ⅱ.2 shows that the positive 

adjusted basis reached its peak at the end of 2008 after the financial crisis, 

largely because the contango in the aluminum market expanded due to 

sluggish demand and surplus supply. As seen in Table Ⅱ.2, this trend was 

maintained between 2009 and 2014, where the adjusted basis was positive for 

53 months (79% of the time) whereas it was negative for only 14 months (21% 

of the time). This result shows that there were more opportunities for capital 

gains than convenience yields generated by the inventory. The grey lines in 

Figure Ⅱ.2 represent the adjusted basis when different warehouse cost 

discounts are applied. The lighter the shade, the bigger the discount rate 

applied. The calculation results show that as warehouse costs are more 

discounted, the opportunities for capital gains from inventory become larger. 

A 70% discount on warehouse costs would result in an additional capital gain 
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of $1 or more per ton compared to the scenario with no discount. When the 

storage cost is discounted, the number of points at which the adjustment basis 

is positive increases significantly. Even at a 30% discount, the adjusted basis 

was positive for 90% of the time from 2009 to 2014. When the discount was 

50%, capital gains from inventory were generated for 97% of the time, and 

when the discount rate was 70%, capital gains were generated for the entire 

period. 

On the other hand, during the preceding and succeeding periods, the time 

when the adjusted basis had a positive value was not as long as for the 2009-

2014 period. In particular, when the warehouse cost was not discounted 

between 2004 and 2008, the adjusted basis was mostly negative, and even if 

the warehouse cost was discounted, the adjusted basis was barely positive. 

For the period after 2015, the results differ according to the warehouse 

discount rate, but if it was not discounted, the adjusted basis was negative for 

most of the time, similar to the period between 2004 and 2008 period. Even 

with a 30% and 50% discount rate, the adjusted basis was mostly negative. 

Only when the discount rate was 70% did the ratio of positive adjusted basis 

increase. Thus, when compared with the period before and after where a 

negative adjusted basis was the norm, the 2009-2014 period was unusual in 

that the adjusted basis was mostly positive. 

From January 2009 to June 2014, the effects of warehouse discount on the 

15-month futures adjusted basis was more dramatic than for the 3-month 
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adjusted basis. First, the black line in Figure Ⅱ.3 indicates the adjusted basis 

with no discount on the warehouse cost, and it is difficult to tell which sign is 

more prominent as it constantly fluctuates between positive and negative 

values. The figures in Table Ⅱ.3 show a fairly even distribution; the value is 

positive for 43% of the time while negative for 57% of the time. However, as 

soon as the warehouse cost is discounted, the rate of positive adjusted basis 

increases sharply, up to 90% at the 30% discount rate, while the adjusted basis 

was positive for the entire period after a 50% or higher discount. This result 

strongly suggests that a certain discount level in storage cost from the 

warehouse operator enabled inventory holders to make profits by purchasing 

the spot commodity and selling the 15-month futures. The profits from the 

inventory would exceed $5 per ton at the maximum discount rate of 70%, 

which implies that there were significant incentives to store inventories in 

case of a discount. 

The behavior of the adjusted basis between 2009 and 2014 was remarkably 

different from the rest of the period. Between 2004 and 2008, the adjusted 

basis only had negative values, which indicates that there was a monetary loss 

from approximately $ 5 to $ 20 per ton from holding inventory. Since the 

absolute value of this figure corresponds to the convenience yield from the 

inventory, according to the theory of storage, it is likely that before 2008 the 

aluminum inventory was held for procurement purposes or in preparation for 

an emergency, and not for monetary or speculative purposes. The adjusted 
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basis reached a low at the beginning of 2007 before rising sharply to reach 

zero by mid-2008 and turned positive after the 2008 financial crisis. After 

mid-2014, the adjusted basis was usually negative as well. Even when the 

warehouse cost was discounted at 30% and 50%, the adjusted basis remained 

negative, and only when the discount rate reached 70% did the period in 

which the adjusted basis was positive increase significantly. To summarize, 

in the case of the 15-month futures adjusted basis, as with the 3-month futures 

adjusted basis, it is likely that inventory holders realized exceptionally high 

profits between 2009 and 2014 compared to the immediately preceding and 

succeeding periods.  
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Figure II.2 3-Month futures adjusted basis  
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Table II.2 Ratio of positives/ negatives of the 3-month futures adjusted 

basis by discount rate applied to storing costs (Jan 2000-Jun 

2014)  

 Discount Rates on Warehouse Cost 

 No Discount 
30% 

Discount 

50% 

Discount 

70% 

Discount 

No. of 

Positives 

53 60 65 67 

(79%) (90%) (97%) (100%) 

No. of 

Negatives 

14 7 2 0 

(21%) (10%) (3%) (0%) 
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Figure II.3 15-Month futures adjusted basis  
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Table II.3 Ratio of positives/ negatives of the 15-month futures 

adjusted basis by discount rate applied to storing costs (Jan 

2009-Jun 2014) 

 Discount Rates on Warehouse Cost 

 
No Discount 

30% 

Discount 

50% 

Discount 

70% 

Discount 

No. of 

Positives 

29 60 67 67 

(43%) (90%) (100%) (100%) 

No. of 

Negatives 

38 7 0 0 

(57%) (10%) (0%) (0%) 
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3.3 Dynamic linear regression for inventory and adjusted 

basis 

The time-varying regression coefficient of inventory against the adjusted 

basis was estimated using the DLM, and the result is shown in Figure Ⅱ.4-

Ⅱ.7. The solid line is an estimate of the regression coefficient, which is the 

median of the draws from the simulation of the Kalman smoother in a 

Bayesian framework. The dotted line is a 68% confidence band, which means 

that the probability of the parameter being within the interval is 68%. Dark 

shades and light shades indicate if the adjusted basis for the corresponding 

period was positive with no discount applied and with 30% discount 

respectively, a result similar to the result in Section 4.2. At a discount rate of 

50% or higher, the adjusted basis is positive for most of the period from 2009 

to 2014, so this was not displayed separately. The dependent variable in this 

estimation is the adjusted basis without a discount, but regardless of the 

discount rate, all 3-month futures adjusted basis produce the same estimation 

results because the level differences due to the discount rate are eliminated in 

the data standardization process. 

The analysis results are interpreted for the periods from January 2009 to June 

2014 and January 2015 to December 2017 separately. The notable result 

shown in Figure Ⅱ.4 is that the timing of the positive adjusted basis and the 

timing for the positive regression coefficients are nearly identical until mid-

2014. This result indicates that inventory and arbitrage profits from inventory 
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increased together during the period. On the other hand, when the regression 

coefficients became negative, the adjusted basis was negative as well, but the 

relationship was not as significant as when the coefficients are positive. This 

result can be interpreted as a weakening of the connection between the 

inventory and the adjusted basis as capital gains dropped temporarily. After 

2015, the regression coefficients remain at a level slightly below 1 and the 

confidence band is wider than in the previous period, as the period during 

which the adjusted basis is positive decreases significantly. The positive 

regression coefficients show the positive relationship between the inventory 

and the adjusted basis as the convenience yields emerge, and capital gains 

from inventory disappear. This result is consistent with the theory of storage. 

Figure Ⅱ.5 shows the regression coefficients of the supply and demand 

variables. The coefficients for supply variables are negative from 2009 to 

2011, reflecting a decline in supply following the 2008 recession, 

accompanied by spot price declines. Starting in 2011, as supply recovered and 

spot prices declined relative to futures prices, a positive relationship between 

inventory and adjusted basis developed. The coefficients of the demand 

variable show little change over time compared to those of the supply variable, 

and the confidence band is also significantly wide.  

Figure Ⅱ.6 shows the time-varying regression coefficients of inventory for the 

15-month futures adjusted basis. The 15-month futures regression coefficients 

are consistently positive over the period from 2009 to 2014 when adjusted 
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basis implies capital gains, which indicates that both inventory and capital 

gains increased together. In particular, the regression coefficients showed a 

large increase or local maximum in the adjusted basis when the adjusted basis 

was positive even at a lower discount rate on warehouse costs, while the 

regression coefficients decreased when the adjusted basis was negative. On 

the other hand, since mid-2014, the adjusted basis turned negative, and 

convenience yields emerged. The reason why the regression coefficients of 

inventory for the adjusted basis remained positive is that the convenience 

yield decreased following the decline in inventory. As with the 3-month 

futures adjusted basis, the 15-month futures adjusted basis also has a 

significantly broader confidence band after 2015 than before 2014. 

Figure Ⅱ.7 shows the regression coefficients of supply and demand. The 

regression coefficients for the supply variables shown on the left are similar 

to those for the dependent variable on the 3-month futures adjusted basis. 

However, there is a slight difference in that the period where the coefficient 

is negative does not stop in 2011 but extends until 2012 and the interval in 

which the coefficient is positive has shortened. The regression coefficients of 

the demand variables for the 15-month futures adjusted basis do not vary 

significantly over time, similarly to the coefficients for the 3-month futures 

case. However, the negative value in early periods indicates that the spot price 

declines due to lower demand while the adjusted basis increases. 
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Figure II.4 Inventory regression coefficient trend: 3-month futures 

adjusted basis 
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Figure II.5 Supply (left) and demand (right) regression coefficient 

trends for the 3-month futures adjusted basis 
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Figure II.6 Inventory regression coefficient trends for the 15-month 

futures adjusted basis 
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Figure II.7 Supply (left) and demand (right) regression coefficient 

trends for the 15-month futures adjusted basis 
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3.4 Time-varying parameter vector autoregression with 

stochastic volatility  

In this section, we present the result of the VAR analysis, which is 

characterized by showing the dynamic relationship using the time lags for the 

variables. This VAR result is derived from the TVP-VAR-SV analysis that 

allows time-variance of errors as well as regression coefficients. A total of 60 

observations (2004:1-2008:12) were used as training samples. As the TVP-

VAR-SV estimates the time-varying parameters at all points in time and 

produces large scale results, it is customary to report the impulse response 

functions (IRFs) of each variable instead of their coefficients. The 

interpretation of the results was made in accordance with the inventory 

increase/decrease and adjustment basis values for each period. From from 

January 2009 to June 2014, the adjusted basis is usually positive, implying 

capital gains, while from January 2015 to December 2017, the adjusted basis 

was interpreted as a convenience yield related to the decrease in inventory.  

The upper-left panel of Figure Ⅱ.8 shows the impulse response of the 

inventory to a positive shock in capital gains during the 2009-2014 period. 

There was little change in the inventory for the three months immediately 

after the increase in capital gains, and then from the 4th to 12th month, 0.01 

was steadily maintained with the increase in inventory. This indicates that 

incentives to accumulate inventories increased as capital gain opportunities 

arose. This result is in agreement with Ederington et al. (2016) who state that 
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not only can inventory increase simultaneously when arbitrage opportunities 

occur, but inventory may also be held at any time in futures trading, so 

inventory can increase with the time lags. The top right panel shows the 

capital gain response from a positive inventory shock during the same period. 

Although basic economics predicts that the capital gain should decrease if 

additional inventory holders enter the market, this result shows that capital 

gains increase in the short-term instead. Capital gains gradually decrease but 

are continuously generated from inventory over a year. The graph in the 

bottom left panel shows inventory decreasing temporarily as monetary losses 

decrease when convenience yields increase. The bottom right panel shows the 

convenience yield increasing with a decline in inventory, thus supporting the 

relationship suggested by the theory of storage. 

The upper left panel of Figure Ⅱ.9 shows the inventory response from a 

positive shock to capital gain increases in 15-month futures. The inventory 

increases faster with the confidence band narrower than the 3-month futures 

results. In the case of 3-month futures, the inventory response from capital 

gains remains at 0.01 but increases up to 0.03 for the 15-month futures. This 

result shows that the strategy of storing spot commodities and selling 15-

month futures opened an opportunity for arbitrage trading and capital gains, 

thus leading to an increase in inventories. The result of a 15-month adjusted 

basis can be interpreted similarly to the 3-month adjusted basis since all other 

results are similar between the two groups.  
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Figure II.8 Impulse response functions for inventory and 3-month 

futures adjusted basis 
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Figure II.9 Impulse response function for inventory and 15-month 

futures adjusted basis 

 
Inventory responses  

to a capital gain shock 

Capital gain responses  

to an inventory increase shock 

   

2009:1 

- 

2014:6 

  
   

 
Inventory responses  

to a convenience yield shock 

Convenience yield responses  

to an inventory decrease shock 

2015:1 

- 

2017:12 

  
  



 

 116 

3.5 Robustness test: Impulse response functions for reduced-

form vector autoregression  

To confirm the robustness of the TVP-VAR-SV specification, Figure Ⅱ.10 

presents the impulse response function of the reduced-form VAR with time-

invariant parameters using stationary time-series data. The impulse response 

function of the reduced-form VAR is characterized overall by the fact that the 

impulse response is fixed at zero at the time of the shock and the impulse 

response converges to 0 due to the stationarity of the time series. During 2009 

to 2014, the time-varying and time-invariant VAR results are similar. In the 

reduced-form VAR results, inventories decreased temporarily in the event of 

a capital gain shock to then increase over the next ten months. Capital gains 

immediately increased after the inventory shock and then gradually dropped 

to zero. This is a result shared by TVP-VAR-SV. 

On the other hand, there are significant differences between the VAR and 

TVP-VAR-SV results between 2015 and 2017. Unlike the results of the earlier 

analyses where inventory decreased temporarily, this result shows that 

inventory decreased drastically for about four months and the period of 

inventory increase was very short or almost non-existent. In addition, there is 

a difference in the convenience yield response to an inventory decrease shock 

in that the confidence band for the reduced-form VAR is slightly wider than 

that of the TVP-VAR-SV. The results are nevertheless similar in the sense that 

the convenience yield response starts at a high point and gradually decreases. 
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Figure II.10 Impulse response function for inventory and 3-month 

futures adjusted basis 
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Figure II.11 Impulse response function for inventory and 15-month 

futures adjusted basis 
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Chapter 4 Discussion 

In this study, we provide analytical evidence concerning how the increase in 

opportunities for capital gains or arbitrage profits in the aluminum market 

caused an unprecedented purchase of inventories for speculative purposes 

between 2009 and 2014. 

The main target of the analysis is the period from January 2009 to June 2014, 

during which aluminum inventories recorded a historic high and bank holding 

companies entered the inventory management business. The data from 

January 2015 to December 2017, namely, the period after bank holding 

companies sold their warehouse businesses, were also presented for 

comparison. Since prior data were used in part of the analysis as training 

samples, the total sample in this paper covers the period from January 2004 

to December 2017. 

This study explores the relationship between the adjusted base and inventory. 

The adjusted basis represents monetary and non-monetary value gained from 

holding inventory; if positive, this shows capital gains occurring from 

inventory, and if negative, the absolute value of the adjusted basis represents 

the convenience yield. Thus, it is safe to say that the role of inventory differs 

completely depending on whether the adjusted basis is positive or negative. 

This study is based on the theory of storage to analyze the relationship 
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between inventory and adjusted basis, but the theory of storage and its 

analysis are limited in the sense that it focuses only on the case where the 

adjusted basis represents convenience yields. Consequently, the case where 

the adjusted basis means capital gains has not been sufficiently addressed by 

the theory of storage. There is little factual and empirical work in this area, 

though a significant body of research is underway. Within this context, this 

study provides analytical evidence that extends the scope of the theory of 

storage by integrating both capital gains and convenience yields into the 

analysis of inventory accumulation.  

It should also be noted that the relationship between inventory and adjusted 

basis is subject to change when the adjusted basis ranges between positive 

and negative, unlike the previous literature on convenience yields which 

assumes the existence of a uniform relationship throughout the period. 

Therefore, the biggest challenge to address in the analysis is the use of 

quantitative techniques allowing for time-variance. This study used the 

Dynamic Linear Model (DLM) for estimating time-varying regression 

coefficients and the Time-Varying Parameter-Vector Autoregression-SV 

(TVP-VAR-SV), which is a vector autoregressive model that allows 

variability in the regression coefficients as well as in the error variance-

covariance matrix to analyze the relationship between inventory and adjusted 

basis. For estimation, the state space Kalman filter and smoothing technique 

is used along with Markov Chain Monte Carlo (MCMC) and Gibbs Sampling.  
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The results are presented in three steps: First, we calculate the adjusted basis 

and examine whether the period of inventory purchase corresponds to the 

period when capital gains occur. We show that from 2009 to mid-2014, capital 

gains from inventory occurred consistently over the five years while 

inventory remained at high levels. Specifically, this study applied several 

warehouse cost discount rates based on aluminum market information. It was 

observed that the higher the discount rate, the greater the opportunity for 

capital gains, showing that the discount offered by the warehouses could 

contribute to the inventory increase. 

The second result concerns the estimation of the time-varying regression 

coefficient between inventory and adjusted basis obtained from a DLM 

analysis, which shows that capital gains and inventory had a mostly positive 

relationship from 2009 to 2014. This means that capital gains and inventory 

increased together during the same period. The time-varying regression 

coefficient since 2015 has also been positive, but the inventory in this period 

implies the presence of a convenience yield, which offset the monetary loss 

from holding inventories. This supports the notion that the convenience yield 

increases according to the increase in inventory, as described by the theory of 

storage.  

Finally, the TVP-VAR-SV analysis derived an impulse response function for 

inventory and adjusted basis. First, the results 2009 to 2014 provide analytical 

evidence that inventories increased due to a capital gain shock. On the other 
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hand, the analysis from 2015 to 2017 shows that inventory fell temporarily 

when the monetary loss increased (i.e., the convenience yield increased). 

During high inventory period between 2009 and 2014, capital gains continued 

to increase in response to an inventory increase shock, which contradicts the 

prediction of the no-arbitrage model that profits will decrease as inventory 

increases if there are arbitrage opportunities. Capital gains steadily expanded 

even with the increase in inventories, which implies that the aluminum market 

at the time was driven by speculative and monetary incentives rather than 

fundamentals. In the period from 2015 onwards, convenience yields increased 

as inventory declined, which is consistent with the theory of storage.  

The results of this study are significant in the sense that they clearly describe 

the nature of the observed speculation in the aluminum market by presenting 

evidence that inventory increased due to the monetary profit opportunities in 

the aluminum market. This study used a robust methodology to allow for time 

variance in the analysis and presented empirically sensible results reflecting 

the inherent characteristics of the aluminum market, such as warehouse cost 

discounts. This study focuses on the analysis of the relationships based on 

econometric techniques, but there is room for further research in the sense 

that this work should be integrated with theoretical research currently 

underway; it can be combined with the theory of industrial organization to 

examine market manipulation. We also hope this study creates a synergy with 

research on speculation in other commodity markets. 
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In addition to providing a robust empirical analysis, we also pose a 

fundamental question regarding whether “it is right to speculatively hold 

inventories, such as aluminum, in the raw materials market.” Speculation in 

the commodity markets has a long history, but citizens have constantly been 

watching so that the necessities—energy, food, industrial materials, and 

housing—are not be dominated by a few big players in the market. However, 

in the 2000s, we witnessed speculative behaviors in several markets from 

those who entered the commodity markets from the financial market through 

inventories. Given that aluminum is an important industrial material, and it is 

necessary to hold inventories to prepare for market emergencies, commodity 

derivatives should become the object of speculation and not commodity 

inventory. It is hoped that this work will provide the readers with an 

opportunity to reflect on the role of inventory in the energy and resources 

market by highlighting the case of the aluminum, where signs of speculation 

are visible.  
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Part III Chinese financial and speculative motive for 

Asian copper inventory 

Chapter 1 Motivation 

China is the first copper consumer. China’s demand on copper had long 

served as an indicator to gauge not only the country’s industry but also the 

global economic development. China is the second biggest copper miner in 

the world after Chile, and its refined copper production is also the world’s 

largest. Also, China is the top consumer of copper, with the highest imports 

of concentrate (from Chile, Peru, Australia, etc.) and refined copper (from 

Chile, Australia, India, Japan, etc.). China's copper consumption accounts for 

44% of the world in 2014, which is an exponential growth from 7% in 1994. 

Copper is mostly used for electrical and electronic products (39%), building 

construction (30%), and transportation equipment (12%). Therefore, with the 

development of economic infrastructures such as electricity, construction, and 

transportation, China has dominated trade flows for copper concentrate and 

refined copper, with the consumption and imports sharply rising.  

Chinese copper futures are traded on the Shanghai Futures Exchange (SHFE), 

Published in Resources Policy and further revised for this thesis: Kim, S., 

Kim, J., & Heo, E. (2017). Convenience yield of accessible inventories 

and imports: A case study of the Chinese copper market. Resources Policy, 

52, 277-283. Retrieved from https://doi.org/10.1016/j.resourpol.2017.04.003. 
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the Chinese representative futures market for the base metal. SHFE is the 

world's second-largest non-ferrous metal trading market, following the 

London Metal Exchange (LME), and with Commodity Exchange (CME) it is 

listed is in the top three global futures markets of base metal. In 2009 the 

SHFE share of copper turnover was merely 13%, but it represented 23% in 

2014, LME has been faced with growing competition from the SHFE. 

Inventory volume also grew from 17.8 kt (4.5% of total exchange inventories) 

in 2008 to 105.5 kt (34%) in 201421.  

Generally, base metal inventories are stored when supply exceeds demand, 

and are released vice versa, with balancing demand and supply. In China, a 

considerable number of inventories have been used to cover the growing 

demand, but in 2011, Chinese traders began to hoard them for financial and 

speculative purposes. According to GFMS Copper Survey (Thomson Reuters, 

2013, 2014, 2015, 2016), copper inventories have been collateralized and 

used to obtain low-interest loans, when the tight monetary policy became 

effect in China. Chinese traders enjoyed the interest-rate arbitrages by 

borrowing yuan at lower interest rates with the copper inventory as collateral 

and then lend it as an unsecured loan at higher interest rates.  

Also, they could earn extra intertemporal arbitrage profit if the selling price 

                                                           

 
21 Detailed information can be found in Thomson Reuters (2013, 2014, 2015, 

2016), and refer to Appendix C for the figures in this text. 
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of copper stored in inventories rise above the purchasing price when the deals 

are cleared. In addition to that, LME prices at a discount to the SHFE prices 

offered traders the incentives to buy cheap copper at LME and sell it at SHFE 

and to achieve arbitrage profit from the price gap between exchanges. 

Consequently, inventories began to flow out of LME, entered the Chinese 

border, and were accumulated in the SHFE warehouse as a speculative and 

financial tool (Thomson Reuters, 2015). On this backdrop, Chinese copper 

imports would reach local maxima, despite the weaker-than-expected 

economic growth.  

As the financial and speculative operation of copper inventories escalated, in 

June 2014 the Qingdao scandal broke out: A case in which Chinese 

government started to crack down on Chinese raw material importers who 

received multiple loans on inventories of raw materials stored warehouse in 

Qingdao port, especially copper. With this scandal, it got known that copper 

inventories in China are stored not only for consumption but also for financial 

and speculative purposes. 

Such inventory operation in China aroused considerable concerns over copper 

inventories not only in the domestic Chinese market but also in the 

neighboring Asian region because China utilized Asian copper inventories, 

which are geographically advantageous. For this reason, it was known that 

LME inventories in Asian countries, such as Singapore, South Korea, and 

Malaysia had been shipped to China while China was purchasing copper for 
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financial and speculative purposes. In addition, it was also observed that LME 

inventories flowed into Chinese Shanghai Futures Exchange (SHFE) due to 

arbitrage incentives between SHFE and LME. In late 2013, LME prices fell 

due to the release of inventories that had been stowed in the LME inventories, 

which provided incentives to buy cheap LME copper futures and sell them to 

the SHFE futures market. This arbitrage trading also moved Asian LME 

inventories, which are closely located near China (Thomson Reuters, 2015). 

Such a series of circumstances has revealed that the copper trade and the 

inventory movement from Asian countries to China was not only due to 

increasing copper consumption in China but also financial and speculative 

demand. 

These situations suggest that the use of LME inventories potentially had 

implications on the Chinese SHFE copper price. Analysis on the LME 

inventories and SHFE price can be unfolded in terms of the theory of storage 

(Kaldor, 1939; Working, 1949; Telser, 1958; Brennan, 1958) and the 

accessibility of inventories (Geman and Smith, 2013; Omura et al., 2015). 

The theory of storage provides a theoretical frame that explains the 

relationship between inventory and commodity prices, where prices are 

included as the form of convenience yield—non-monetary benefit from 

holding inventories by guaranteeing the smooth supply of goods, despite the 

monetary loss from spot prices being higher than futures prices. According to 

the theory of storage, as the inventories increase, the marginal convenience 
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yield decreases. Milonas and Thomadakis (1997) and Omura et al. (2015) 

emphasized convenience yields as the relative value of inventories to futures 

contracts since, when physical commodities are needed, inventory is readily 

available, but futures cannot be accessed before their maturity. However, 

inventories that are distant or impossible to trade may not provide 

convenience yields. Therefore, the proximity or accessibility of inventories is 

assumed to determine the size of convenience yields, and more accessible 

inventories would provide larger convenience yields to regional markets.   

Analytic Studies dealing with accessibility of inventories are Geman and 

Ohana (2009), Geman and Smith (2013), and Omura et al. (2015). Geman 

and Ohana (2009) investigated the accessibility of oil and gas traded on the 

New York Mercantile Exchange (NYMEX) and found that local U.S. 

inventories provide more significant convenience yields than the global 

Organisation for Economic Co-Operation and Development (OECD) 

inventories do. Geman and Smith (2013) analyzed the six major base metal 

inventories of the LME, COMEX, U.S. Geological Survey (USGS), and 

SHFE, and concluded that the LME gains convenience yields from their own 

inventories. Omura et al. (2015) estimated regional convenience yields for the 

base metals of the Asian, American, and European markets with the 

inventories of the SHFE, COMEX, and LME. They showed that Asian data 

better explain convenience yields and inventory levels of base metals than for 

other regions. Although these studies investigated whether the convenience 
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yields of inventories are dependent on accessibility, the results are insufficient 

for the Asian copper market. For example, Omura et al. (2015) presented an 

ambiguous finding that Asia gains significant copper convenience yields from 

the LME inventories and that the addition of the SHFE inventories to the LME 

inventories reduces the significance of the results. A possible reason for this 

result could be the price data problem. In their study, the convenience yields 

of Asia were calculated using the LME’s spot and future prices, rather than 

SHFE’s spot and future prices. Thus, their conclusion that the copper 

convenience yields of Asia resulted in closer relation to the LME inventories 

than the SHFE inventories may be inappropriate. Geman and Smith (2013) 

did not consider convenience yields from Asia as they focused on the 

convenience yields of the LME. The SHFE inventories were used to show the 

non-linear relationship with the LME’s convenience yields as one of the 

major inventories, but not to explore Asia. Above all, these studies have 

limitations in that they only investigate simple structures that link the 

benchmark exchanges with the benchmark prices without considering the 

stereoscopic factors such as the actual trading strategies among exchanges or 

the physical movement of inventories by copper trade. 

This study aims to investigate the Chinese use of Asian LME inventories in 

terms of the theory of storage and the accessibility of the inventory, 

considering the actual movement of copper inventories and copper trade 

among countries. This study focuses on identifying the Chinese copper 
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market has gained convenience yields from neighboring Asian inventories. 

Chinese SHFE copper market is worth investigating due to the speculative 

and financial use of copper inventories, as well as its soaring copper demand 

with growing importance (Rutledge et al., 2013; Fung et al., 2010). On this 

motivation, the following two research questions are thoroughly explored in 

this study. First, does the SHFE copper market gain convenience yields from 

accessible inventories, including inventories in China and nearby Asian 

countries? The inventories in China and nearby Asian countries qualify the 

preconditions of accessibility in terms of their proximity. As such, the 

accessibility of inventories in China can be discussed more clearly than 

previous studies (Omura et al., 2015; Geman and Smith, 2013), which did not 

conclude this issue. Second, do the copper imports from nearby Asian 

countries provide convenience yields to the SHFE market? As copper import 

can be the channel for inventories in Asian countries nearby to flow into the 

Chinese domestic market, we suppose that convenience yields can be 

obtained from the physically accessible inventories located beyond national 

borders. This supposition is supported by Williams and Wright’s (1991) 

argument that imports, as well as inventories, can be a way to hedge 

production disruptions. 

The remainder of this paper is organized as follows. Section 2 explains the 

research framework for answering the two research questions. Section 3 

constructs a theoretical model to test the hypotheses. Section 4 describes the 
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data and empirical results. Finally, Section 5 discusses the conclusions and 

offers implications.  



 

 133 

Chapter 2 Methodology 

To elaborate on the first research question, it is necessary to compare the 

effects of inventories in several regional markets on the convenience yield of 

the SHFE copper market. From the perspective of the SHFE market, 

inventories can be classified into China’s domestic SHFE inventories 

(SHFEI), Asia’s LME inventories (LME ASIAI), and the total global LME 

inventories (LMEI) by the accessibility of the inventory. SHFEI represents 

inventories in the exchange warehouses in the Chinese territory, which are 

authorized by the SHFE. LME ASIAI represents inventories authorized by 

the LME and located in Asia, such as in Busan, Gwangyang, and Incheon, 

Korea, Johor and Klang, Malaysia, Kaohsiung, Taiwan, and Singapore. LMEI 

represents the total inventories of the LME, which are widespread throughout 

the world. To date, as China does not allow warehouses in its territory to 

become LME-registered, there are no LME inventories in China (Geman and 

Smith, 2013). In addition, since SHFE inventories are located only inside 

China (e.g., Shanghai), the regional scope of the SHFE and LME inventories 

can be regarded as separate.  
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Figure III.1 Accessibility of the SHFE, Asia’s LME, and LME 

inventories to China’s local metal market 

  

Global LME inventories 

Chinese copper market 
SHFE inventories 

Asian LME inventories 
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We analyze how the combinations of the above three inventories affect the 

convenience yields of the SHFE copper market. We consider the following 

four combinations: i) SHFEI only, ii) the sum of the SHFEI and the LME 

ASIAI (SHFEI + LME ASIAI), iii) LMEI only, and iv) the quantity excluding 

the LME ASIAI from the LMEI (LMEI - LME ASIAI). We suppose that 

China would gain significant convenience yields from SHFEI and SHFEI + 

LME ASIAI, but not from LMEI and LMEI – LME ASIAI. SHFEI is the most 

accessible because it incurs no tariffs and guarantees small transaction costs. 

As China can import copper easily from Asian countries nearby, LME ASIAI 

might be another source of accessible inventory. On the contrary, LMEI 

would be less accessible compared to SHFEI or LME ASIAI due to location 

and transaction costs, unless spatial arbitrage is too attractive or stockpile 

competition is too aggressive. Especially, China would gain a minimal 

convenience yield from LMEI – LME ASIAI that China occasionally utilizes.  

We are interested in both the effect of LME ASIAI and the effect of SHFEI + 

LME ASIAI because both SHFEI and LME ASIAI should be included as 

potential accessible categories. It is impossible, and not of our interest that 

only LME ASIAI would be accessible, except for the domestic SHFE. In 

addition, because of the ambiguity of the supply and demand mechanism 

between the SHFEI and LME ASIAI, we cannot determine whether the 

convenience yield from LME ASIAI is a decreasing function as proven in the 

theory of storage (Brennan, 1958; Telser, 1958). This approach that 
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aggregates the SHFE and LME ASIAI is in line with Williams and Wright 

(1991) who devised the storage model of two trading countries in an open 

economy. They insisted that the theory of storage, where inventories are 

stored despite backwardation, is verified in an open economy. According to 

their model, the shipping cost accompanied by trade in an open economy 

encourages a country to stockpile goods. Thus, the total inventory of two 

countries can exist, although the other country does not hold inventory due to 

loss from negative carrying charges.  

To answer the second research question, it is necessary to identify whether 

the SHFE copper market gains a convenience yield from copper imports from 

nearby Asian countries. We suppose that copper imports from nearby Asian 

countries are inventory inflows from LME ASIAI to SHFEI. Gold Fields 

Mineral Services (GFMS) Copper Survey (2015) and financial media (Cha, 

2013; Hong, 2013, Home, 2016; Angel and Antolioli, 2013) have shown 

circumstantial evidence that China has utilized the copper inventories of 

South Korea, Malaysia, Singapore, and Taiwan where the warehouses for 

LME ASIAI are located. Figure Ⅲ.2 shows the increases in the SHFE 

inventories and the decreases in Asia’s LME inventories from January 2011 

to April 2015, which are evidence of movements from Asian countries to 

China. They occur mainly due to economic incentives from spatial arbitrage. 

However, in special cases, they can occur due to political regulations inside 

China or increased competition for copper stocks and their release.   
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Figure III.2 Volumes of the SHFE, total LME, and Asia’s LME 

inventories 

 

 
Source: Thomson Reuters’ Datastream  
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Inventory movements from Asia’s LME to the SHFE were first detected from 

June to August 2011. When the SHFE inventories increased for the two 

months by 30 Kt, Asia’s LME inventories dropped by 16 Kt. In July 2011, the 

inventories of Asia’s LME decreased monthly by 10 Kt, and those of the 

SHFE grew by 17 Kt at a slightly greater level to Asia’s LME, thus implying 

copper inflow from Asia’s LME to the SHFE inventories. A stark contrast 

between inventories of Asia’s LME and the SHFE appeared at the end of 2011. 

Asia’s LME inventories, which had decreased from May 2011, began to 

accelerate in September and November and, finally, decreased by 25 Kt from 

December to March. 

Meanwhile, the SHFE inventories sharply increased by 150 Kt, some of 

which were deduced to come from Asia’s LME inventories. Inventory 

movements were also detected during the period from September to 

November 2013. In the second half of 2013, the downward trend of the global 

LME was triggered as the LME reformed its warehousing rules, and the U.S. 

financial regulatory authorities began to regulate base metal warehousing. 

Asia’s LME inventories, especially in Johor, Malaysia, dipped from 286 Kt 

in June 2013 to 14 Kt in June 2014. While Asia’s LME inventories declined 

sharply overall, the SHFE inventories increased by 15 Kt from September to 

November 2013. 

Moreover, China’s imports from the LME Asian nations rose by 11 Kt in 

September 2013 (International Trade Centre, ITC), the majority of which 
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were presumed transferred into the SHFE warehouses. One of the most 

evident movements from the SHFE to the LME occurred in 2014. From 

January to February 2014, Asia’s LME inventory decreased by 31 Kt, and the 

SHFE inventory increased by 39 Kt in the following month. For the month of 

July to August 2014, the SHFE inventory, which had stagnated due to the 

Qingdao scandal22  and its investigation, slightly increased by 5 Kt while 

Asia’s LME inventory declined by 6 Kt. The increase in the outflow from the 

LME Asian nations to China derived the increase in the SHFE inventories. 

Consequently, considering these periods, it is inferred that Asia’s LME 

inventories are utilized by China and are accessible inventories that provide 

convenience yields to China.  

  

                                                           

 
22 The Qingdao scandal was triggered by Chinese importers who utilized the 

metal as collateral to get multiple loans, defrauding the lenders and trading 

firms. 
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2.1 Background theory 

The benefits of inventories against market risks, demand upsurges, and supply 

stops are referred to as convenience yields. Convenience yields were 

introduced in the theory of storage to explain the backwardation of spot prices 

being higher than futures prices with inventories. According to Kaldor (1939), 

the basis between spot and futures prices is determined by the variation 

between the cost to store goods and the benefit of the stored inventories. 

Kaldor (1939) defines the benefit as the convenience yield obtained against 

the market risk. Specifically, if futures prices are lower than spot prices, it 

may be more profitable to contract futures than to buy the commodity. 

However, market participants sometimes purchase and stock commodities 

instead of buying futures because they obtain convenience yields from the 

stored inventories. Consequently, the convenience yields generated by 

inventories allow market participants to hold spot goods even during 

backwardation when spot prices are higher than futures prices.  

The theory of storage suggests that greater the inventories, the lower the 

convenience yield. Additionally, when inventories decrease, their increase 

rate will accelerate. According to these characteristics, the convenience yield 

is a convex and decreasing function. Working (1948, 1949), Telser (1958), 

and Brennan (1958) are representative early-stage studies that investigate the 

relationship between inventories and convenience yields.   
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2.2 Empirical model 

The initial model established by Omura et al. (2015) to test the relationship 

between accessible inventories and their convenience yields is written as:  

𝐶𝑌 = 𝑓(𝐼𝑁𝑉, 𝐼𝑃).     (1) 

They modeled the convenience yield, 𝐶𝑌 , as a function of the inventory 

levels, 𝐼𝑁𝑉, and the industrial production of counties, 𝐼𝑃. They calculated 

the convenience yield based on the option pricing model. In order to analyze 

the effect of copper imports as inventory flows and to control the effect of 

price volatility, we developed their model, as shown in Eq. (2) and (3) for 

China by including imports (𝐼𝑀) and price volatility (𝑉𝑂𝐿).  

𝐶𝑌𝐶𝑂𝐶 = 𝑔(𝐼𝑁𝑉, 𝐼𝑀, 𝐼𝑃, 𝑉𝑂𝐿),    (2) 

𝐶𝑌𝑂𝑃𝑇 = ℎ(𝐼𝑁𝑉, 𝐼𝑀, 𝐼𝑃, 𝑉𝑂𝐿).   (3) 

Our model estimated convenience yields of China through two approaches. 

The 𝐶𝑌𝐶𝑂𝐶  represents the marginal convenience yields of an inventory 

estimated with the cost-of-carry model and 𝐶𝑌𝑂𝑃𝑇 represents the marginal 

convenience yields of an inventory estimated with the option pricing model. 

In this model, the relation between convenience yield and inventories (𝐼𝑁𝑉) 

should be negative, since larger inventories have lower convenience yields 

according to the theory of storage. The inventories investigated are, in turn, 

China’s domestic SHFE inventories (SHFEI), the sum of Asia’s SHFE and 
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LME inventories (SHFEI + LME ASIAI), the total global LME inventories 

(LMEI), and the quantity excluding LME ASIA from LME (LMEI - LME 

ASIAI). An imports variable (𝐼𝑀) is added to verify that imports acts as an 

inflow of inventories. If imports indeed act similarly to an inventory inflow, 

the relation between the imports and the convenience yield should be negative. 

To stress the function of imports as inventory movement, we consider 

aggregated imports from South Korea, Malaysia, Singapore, and Taiwan, 

where Asia’s LME inventories are located, and not all imports to China. In 

particular, we use the previous month’s imports based on the assumption that 

there is likely a one-month lag for trade to influence on-month inventories 

and their convenience yields. A volatility variable (𝑉𝑂𝐿) is added to control 

for the fluctuation of prices. Regarding volatility, Pindyck (2004) and Fama 

and French (1988) discovered that as prices fluctuate more heavily, 

convenience yields increase. The prices to derive volatility are spot prices and 

not futures prices, as the fluctuation of spot prices creates more on-the-spot 

risks than futures prices, and, thus, the volatility in this model is the standard 

deviation of the spot prices’ rates of return. Regarding industrial production 

(𝐼𝑃), copper is widely used in almost all industries, including construction, 

networking, electricity, and manufacturing, and industrial production can be 

a proxy for its demand and a reasonable control variable. For the same reasons 

as for imports, we use a one-month lag of the industrial production variable. 

As the industrial production variable (𝐼𝑃) is I(1) and the others are I(0) at the 
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10% significance level by the Augmented Dickey Fuller test (Dickey and 

Fuller, 1981), we adopt the auto regressive distributed lag (ARDL) approach 

to correctly estimate the coefficients of the variables. The ARDL model was 

introduced by Pesaran et al. (2001) to incorporate I(0) and I(1) variables in 

the same estimation. Auto regressive lags are determined by considering both 

the Akaike–Schwartz information criterion (AIC) and the significance of 

lagged variables. Taking the ADRL approach, Eq. (2) and (3) are converted 

into as follows:  

𝐶𝑌𝐶𝑂𝐶,𝑡 = ∑ 𝛽𝑐𝑖𝐶𝑌𝐶𝑂𝐶,𝑡−𝑖𝑖 + 𝛼𝑐𝐼𝑁𝑉𝑡 + 𝜆𝑐𝐼𝑀𝑡−1 + 𝜇𝑐𝐼𝑃𝑡−1 + +휃𝑐𝑉𝑂𝐿𝑡 + 휀𝑡, (4) 

𝐶𝑌𝑂𝑃𝑇,𝑡 = ∑ 𝛽𝑜𝑖𝐶𝑌𝑂𝑃𝑇,𝑡−𝑖𝑖 + 𝛼𝑜𝐼𝑁𝑉𝑡 + 𝜆𝑐𝐼𝑀𝑡−1 + 𝜇𝑜𝐼𝑃𝑡−1 + 휃𝑜𝑉𝑂𝐿𝑡 + 𝜐𝑡, (5) 
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2.3 Estimation of convenience yield 

First, the convenience yield calculated from the cost-of-carry model is written 

as: 

𝐶𝑌𝐶𝑂𝐶,𝑡 = −(𝐹𝑡,𝑇 − 𝑆𝑡(1 − 𝑟𝑡𝛿) + 𝑊𝑡𝛾),   (6) 

where 𝐶𝑌𝐶𝑂𝐶,𝑡 represents the marginal convenience yields of an inventory 

estimated with the cost-of-carry model at time 𝑡 , 𝐹𝑡,𝑇  is the futures price 

with maturity at time T, 𝑆𝑡 is the spot price at time t, 𝑟𝑡 is the risk-free rate 

at time 𝑡 , 𝑊𝑡  is the marginal cost of storage, and 𝛿  and 𝛾  are the 

annualizing factors for the daily storage cost of inventories. 

Several studies identify the relationship of increasing convenience yields and 

decreasing inventories of base metals and energy commodities using the cost-

of-carry model. Geman and Ohana (2009) analyze convenience yields and 

inventories of oil and gas by dividing the data into seasons and periods. 

Additionally, Symeonidis et al. (2012) is one of the largest-scale studies of 21 

major commodities and verifies the theory of storage. However, recent studies 

tend not to utilize or explore the cost-of-carry model, but rather use it as 

criteria for comparing convenience yields from the option pricing model (Kim 

et al., 2014; Omura and West, 2014; West, 2012; Lin and Duan, 2007). In 

these studies, the convenience yields from the cost-of-carry model take the 

form of interest-adjusted basis (IAB) or are referred to as traditional 

convenience yields due to the long history of the model (Fama and French, 
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1988; Cho and McDougall, 1990). 

Second, convenience yields from the option pricing model are derived 

through the following steps. 

On maturity, the payoff function of convenience yields follows a boundary 

condition, as shown in Equation (7): 

𝐶𝑌𝑂𝑃𝑇,𝑡 = 𝑀𝑎𝑥(𝑆𝑡
∗ − 𝐹𝑡,𝑇 , 0),    (7) 

where 𝐶𝑌𝑂𝑃𝑇,𝑡  represents the marginal convenience yield of an inventory 

estimated with the option pricing model at time 𝑡, 𝐹𝑡,𝑇 is the price of futures 

with maturity at time 𝑇, and 𝑆𝑡
∗ is the summation of spot prices (𝑆𝑡) and 

storage cost (𝑊𝑡).  

Applying Ito’s Lemma, the convenience yields are calculated by Equation (8): 

𝐶𝑌𝑂𝑃𝑇,𝑡 = 𝑆𝑡
∗𝑁(𝑑1) − 𝐹𝑡,𝑇𝑁(𝑑2)    (8) 

𝑑1 =
𝑙𝑛(𝑆𝑡

∗ 𝐹𝑡,𝑇⁄ )+
𝜎2𝜏

2

𝜎√ 𝜏
, 𝑑2 = 𝑑1 − 𝜎√𝜏 = 𝑑1 =

𝑙𝑛(𝑆𝑡
∗ 𝐹𝑡,𝑇⁄ )−

𝜎2𝜏

2

𝜎√ 𝜏
, 

𝜎2 = 𝜎𝑆
2 − 2𝜎𝑆𝜎𝐹𝜌𝑆,𝐹 + 𝜎𝐹

2, 

where 𝜎𝑆 and 𝜎𝐹 are the volatilities of spot and futures prices, 𝜌𝑆,𝐹 is the 

correlation coefficients of spot and futures prices, 𝜏 is the period between 

spot and futures (nearby and distant futures), 𝜎2  is calculated following 
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Merton (1973), and each daily volatility of futures and spot prices for 30 days 

is annualized. The stochastic factors are 𝑁(𝑑1) and 𝑁(𝑑2), and 𝐶𝑌𝑂𝑃𝑇,𝑡 is 

the value derived by the option-delta and probability of exercising the option 

multiplied by 𝑆𝑡
∗  and 𝐹𝑡,𝑇  respectively, on the condition that the prices 

fluctuate following a Gauss-Weiner process. That is, unlike the cost-of-carry 

model, it obtains convenience yield based on the probabilities of achieving 

the benefit from spot inventories against futures contracts by considering their 

volatilities.  

Convenience yields from the option pricing model are derived by converting 

the expected value of stored inventories against comparative futures contracts. 

Both futures and spot prices are treated as a time series with a stochastic 

process. Therefore, the option pricing model should be differentiated from the 

conventional Black-Scholes model (Black and Scholes, 1973), which fixes 

one of the two prices to constant exercise pricing. The model that derives 

option values on a pair of stochastic asset prices is an exchange option model, 

and the prices are assumed to follow the Gauss-Wiener process (Merton, 

1973). The exchange option model first appeared in the field of the theory of 

storage by Milonas and Thomadakis (1997) who analytically tested Heinkel 

et al.’s (1990) theory. Milonas and Thomadakis (1997) applied the model into 

convenience yield studies, and it became a standard option model in this field. 

This model gives the definition of convenience yields, which is the benefit of 

holding inventories against comparative futures contracts, and moreover, 
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adequately reflects the stochastic process of both futures and spot prices. The 

majority of the theory of storage studies mostly adopt the form of the 

exchange option pricing model such as Milonas and Thomadakis (1997) and 

not the original form of the Black-Scholes model.  
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Chapter 3 Empirical results 

3.1 Data 

This study analyzes convenience yields of the copper Chinese domestic 

market for the period of January 2011 to April 2015. To derive Chinese 

convenience yields (𝐶𝑌𝐶𝑂𝐶,𝑡 and 𝐶𝑌𝑂𝑃𝑇,𝑡), we use the first-month futures as 

a proxy for spot prices (𝑆𝑡) and the third-month futures prices (𝐹𝑡,𝑇) of copper 

cathode offered by the SHFE, and the warehouse costs (𝑊𝑡 ) of the SHFE 

listed in the Copper Cathodes Futures Contract Manual 2008 of the SHFE23. 

The prices and storage costs are obtained from the SHFE’s homepage. The 

prices are quoted in RMB and converted to USD using daily exchange rates 

obtained from the Federal Reserve (FRB) of St. Louis. Inventory data (𝐼𝑁𝑉𝑡) 

are the SHFE exchange inventories, the LME authorized Asian inventories, 

and the LME authorized global inventories, as provided by Thomson Reuters’ 

Datastream. Asia’s LME inventories are aggregations of the inventories in 

Busan, Gwangyang, and Incheon, South Korea, Johor and Klang, Malaysia, 

Kaosuing, Taiwan, and Singapore. China’s imports are the total imports from 

South Korea, Malaysia, Singapore, and Taiwan, where the LME inventories 

are located. The imports data (𝐼𝑀𝑡−1 ) are provided by International Trade 

Centre (ITC). Risk-free rates (𝑟𝑡) are the U.S. Treasury-bill rates from the 

                                                           

 
23 The manual is posted on the SHFE website, 

http://www.shfe.com.cn/en/products/Copper/manual/505.html. 
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FRB and China’s industrial production (𝐼𝑃𝑡−1) is from the OECD statistics 

database. The prices, inventories, and interest rates are processed from daily 

to monthly data, but industrial production is monthly. To compare the 

convenience yields of inventories, all data are standardized by subtracting the 

average values and dividing the results by its standard deviation. The major 

difference of this study compared to previous studies in terms of data is 

calculating convenience yields from the original prices of China’s SHFE 

instead of using the LME prices. Previous studies cast doubt that the 

convenience yields derived from the SHFE and LME data are similar, 

although they are completely different markets. This is due to using the same 

LME prices to obtain China’s and global convenience yields and almost the 

same local storage costs. However, to overcome such problems, this study 

uses actual SHFE prices rather than unifying the data with the LME prices, 

and, thus, this study reflects the features of the Chinese local market more 

accurately than other studies. 
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Table III.1 Basic statistics of inventories, prices, industrial production, and imports 

  Freq. Unit Obs. Mean Std. dev Min. Max. 

Inventories 

SHFEI Daily t 1,150 150,017.1 48,667.7 57,655 247,591 

LME ASIAI Daily t 1,150 112,318 76,906.2 12,325 316,225 

LMEI Daily t 1,150 350,604.6 139,784 140,675 678,225 

Prices 

One-month SHFE 

futures 
Daily USD 1,067 8,792 1,114.3 6,357 11,470 

Three-month SHFE 

futures 
Daily USD 1,067 8,756.8 1,147.1 6,274 11,626 

Industrial 

production 

China’s industrial 

production index 
Monthly - 52 110.2 2.4 105.6 115.1 

Imports 
China’s copper 

imports 
Monthly t 52 76,176.1 11,274.8 43,865.4 98,687 
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Figure III.3 Convenience yields estimated from the cost-of-carry and 

option pricing models 
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3.2 Empirical results 

For the ARDL model in Equation (4) and (5) to be estimated, variables should 

be purely I(0), purely I(1), or cointegrated (Pesaran et al., 2001; Bölük and 

Mert, 2015; Kripfganz and Schneider, 2016) Therefore, before the estimation 

of the models, the stationarity of each data was checked with Augmented 

Dickey-Fuller (ADF, Dickey and Fuller, 1981) and Phillips-Perron methods 

(PP, Phillips and Perron, 1988). As included in Table Ⅲ.2, several data were 

shown I(1) series and some revealed mixed significance levels between ADF 

and PP. Such results require a cointegration test among variables, and we 

adopted the ARDL bound test by Pesaran et al. (2001). The results in Table 

III.3 shows that F-statistics of all models have a higher value than the upper 

critical value for I(1) regressors at 1% significance level, confirming that they 

reject the null hypothesis of no cointegration and variables have long-term 

cointegrating relationships.    

When ARDL models in Equation (4) and (5) are estimated, the results in Table 

III.4 consistently show that models with more accessible inventories have a 

better fit than those with less accessible inventories. The explanatory power 

of the models is higher for the more accessible inventories, such as SHFEI 

and SHFEI + LME ASIAI, and lower for those with less accessible 

inventories, such as LMEI - LME ASIAI and LMEI. When convenience 

yields are estimated from the cost-of-carry model (𝐶𝑌𝐶𝑂𝐶 ), the R2 of the 

models with highly accessible inventories are 0.8688 (SHFEI) and 0.7730 
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(SHFEI + LME ASIAI), but 0.7471 (LMEI) and 0.7443 (LMEI - LME 

ASIAI), the less accessible inventories. The adjusted R2 of the models are 

0.8509 (SHFEI), 0.7421 (SHFEI + LME ASIAI), 0.7126 (LMEI), and 0.7094 

(LMEI – LME ASIAI). When the convenience yields are represented as 

𝐶𝑌𝑂𝑃𝑇, estimated from the option pricing model, the R2 and adjusted R2 of the 

model with SHFEI falls slightly, but increases with the other inventories. 

Likewise, the highest R2 value is with SHFEI (0.8177), followed by SHFEI + 

LME ASIAI (0.8044), LMEI (0.7758), and LMEI - LME ASIAI (0.7669). 

The adjusted R2 of the models are the highest for SHFEI (0.7928), followed 

by SHFEI + LME ASIAI (0.7777), LMEI (0.7453), and LMEI - LME ASIAI 

(0.7352).  
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Table III.2 Unit-root test results (Z-statistics) 

 

ADF PP 

I(0) I(1) I(0) I(1) 

𝐶𝑌𝐶𝑂𝐶 -3.460*** - -3.340**  

𝐶𝑌𝑂𝑃𝑇 -3.010** - -3.035**  

𝐼𝑁𝑉: SHFEI -2.150 -5.921*** -2.276 -4.907*** 

𝐼𝑁𝑉: SHFE  

+ LME ASIAI 
-1.804 -4.485*** -1.704 -4.140*** 

𝐼𝑁𝑉: LMEI -3.256** - -1.502  

𝐼𝑁𝑉: LMEI  

- LME ASIAI 
-2.576* - -1.629  

𝐼𝑀 -4.074** - -7.223*** -12.603*** 

𝐼𝑃 -0.962 -7.132*** -0.608 -9.108*** 

𝑉𝑂𝐿 -3.525 -5.265*** -3.469***  

Note: ***, **, * denote a Z-statistic is significant at the 1%, 5%, and 10% 

levels, respectively.  
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Table III.3 ARDL bound test results (F-statistics) 

 
Dep. variable: 

𝐶𝑌𝐶𝑂𝐶  

Dep. variable: 

𝐶𝑌𝑂𝑃𝑇  

Models  

with 

inventory:  

SHFEI 22.419*** 10.935*** 

SHFE  

+ LME ASIAI 
8.423*** 8.631*** 

LMEI 6.859*** 5.821*** 

LMEI  

- LME ASIAI 
6.900*** 6.323*** 

Note: *** denote an F-statistic reject the upper critical value of 3.52(n=50, 

k=4) at 1% significance level.   
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All the coefficients of 𝐼𝑁𝑉  are negative, which is in accordance with the 

theory of storage such that as inventory increases, the convenience yield 

decreases. Along with our supposition, convenience yields of more accessible 

inventories appear to be higher than those of less accessible inventories. For 

both the convenience yields from the cost-of-carry (𝐶𝑌𝐶𝑂𝐶) and option pricing 

models (𝐶𝑌𝑂𝑃𝑇), the size of the 𝐼𝑁𝑉 variable ranks SHFEI, SHFEI + LME 

ASIAI, LMEI, and LMEI - LME ASIAI in order. With the conveninece yields 

of 𝐶𝑌𝐶𝑂𝐶, the 𝐼𝑁𝑉’s coefficients of SHFE and SHFEI + LME ASIAI have 

high values, -0.591 and -0.202, respectively, and are significant at the 1% 

level, but LME and LMEI - LME ASIAI have low values, -0.107 and -0.101, 

respectively, and are statistically insignificant. With the convenience yields 

of 𝐶𝑌𝑂𝑃𝑇, the 𝐼𝑁𝑉’s coefficients of SHFEI and SHFEI + LME ASIAI are -

0.409 and -0.292, respectively, and are significant at the 1% level, but that of 

LMEI - LME ASIAI (-0.154) is not significant and has the lowest value, 

followed by LMEI (-0.182) which is significant at the 5% level. 

The coefficients of 𝐼𝑀  are all significant and negative, which shows that 

convenience yields decrease when the copper imports from nearby Asian 

countries increase. The results verify that imports act as inventory inflows and 

also affect convenience yields to local markets, as do inventories. The 

coefficients of the 𝐼𝑀 with 𝐶𝑌𝐶𝑂𝐶 are -0.222 with SHFEI + LME ASIAI, -

0.205 with SHFEI, -0.204 with LMEI, and -0.196 with LMEI - LME ASIAI, 

and are significant at the 1% level except for LMEI - LME ASIAI, which is 
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significant at the 5% level. The coefficients of 𝐼𝑀 with 𝐶𝑌𝑂𝑃𝑇 are -0.237 

with SHFEI, -0.231 with SHFEI + LME ASIAI, -0.201 with LMEI, -0.190 

with LMEI - LME ASIAI, which are significant at the 1% level, except for 

the coefficients with LMEI - LME ASIAI, which are significant at the 5% 

level.  

Unlike other variables, we cannot determine the sign for coefficients of 𝐼𝑃. 

The model includes both inventories and industrial production variables, and 

thus the 𝐼𝑃 ’s coefficient represents the separate effect of the industrial 

production to the convenience yields without the intervention of inventories. 

However, in reality, we cannot separate their tangled effects, since the 

inventories intervene in the relationship between industrial production and 

convenience yields. Additionally, although industrial production is a proxy 

for market demand, it is not a direct variable for convenience yields, and, thus, 

other market conditions can influence the relationship between industrial 

production and convenience yields. Previous studies inserting industrial 

production (Omura et al., 2015) also show inconsistent results for its sign. 

Nevertheless, we include the 𝐼𝑃 in the model to control what the 𝐼𝑁𝑉, 𝐼𝑀, 

and 𝑉𝑂𝐿 do not explain. Industrial production has a consistent tendency for 

larger and more significant coefficients when more accessible inventories are 

used, and vice-versa. For example, the coefficients of 𝐼𝑃  tend to be 

significant with the most accessible SHFEI inventories. The coefficients of 

𝐼𝑃 with 𝐶𝑌𝐶𝑂𝐶 are high and significant at the 1% level (-0.465 with SHFEI 
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and -0.214 with SHFEI + LME ASIAI), but are small and insignificant at the 

10% level when inventories are LMEI - LME ASIAI (-0.144) and LMEI (-

0.155). The coefficients of 𝐼𝑃 with 𝐶𝑌𝑂𝑃𝑇 are high and significant, -0.248 

with SHFEI and -0.133 with SHFEI + LMEI, but are low and insignificant 

with LMEI - LME ASIAI and LMEI at -0.042 and -0.055, respectively.  

The coefficients of 𝑉𝑂𝐿 are all significant positive values, which conforms 

to Pindyck (2004) that as price volatility increases, the convenience yields 

increase as well. The 𝑉𝑂𝐿 illustrates the key difference between the cost-of-

carry and option pricing models, as explained in Section 3.2. The option 

pricing model assumes a specific stochastic process on the price change, but 

the cost-of-carry model does not. The results show that when convenience 

yields are estimated from the option pricing model (𝐶𝑌𝑂𝑃𝑇), the coefficients 

of the 𝑉𝑂𝐿 are significant at the 1% level. However, when the convenience 

yields are estimated from the cost-of-carry model (𝐶𝑌𝐶𝑂𝐶), the coefficients of 

the 𝑉𝑂𝐿 are insignificant or only significant at the 10% level. Nevertheless, 

regardless of the estimation methods, the size of the 𝑉𝑂𝐿’s coefficients tend 

to increase with less accessible inventories, and vice-versa. The coefficients 

of volatility with 𝐶𝑌𝐶𝑂𝐶  are 0.146 with LMEI - LME ASIAI, 0.141 with 

LMEI, 0.128 with SHFEI + LME ASIAI, and 0.091 with SHFE. The same 

rank appears with 𝐶𝑌𝑂𝑃𝑇 in which the coefficients of 𝑉𝑂𝐿 are significant at 

the 1% level. They are the largest, 0.253, with both LMEI - LME ASIAI and 

LMEI, the least accessible inventories, but decrease to 0.219 with SHFEI and 
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to 0.244 with SHFEI + LMEI, which are more accessible inventories. As the 

coefficients increase with less accessible inventories, volatility clarifies the 

unexplained part of convenience yields by inventories, industrial production, 

and imports.  
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Table III.4 Estimation results from the ARDL model 

Inventory Variable Results 

Dep. variable: 𝐶𝑌𝐶𝑂𝐶 Dep. variable: 𝐶𝑌𝑂𝑃𝑇 

SHFEI Inventory (𝐼𝑁𝑉) -0.591 (0.089)*** -0.409 (0.103)*** 

Copper Import (𝐼𝑀) -0.205 (0.053)*** -0.237 (0.067)*** 

Industrial Production (𝐼𝑃) -0.465 (0.072)*** -0.248 (0.080)*** 

Volatility (𝑉𝑂𝐿) 0.091 (0.054) 0.219 (0.069)*** 

R2 0.8688 0.8177 

Adjusted R2 0.8509 0.7928 

Serial Correlation 0.8592 0.9032 

SHFEI + LME ASIAI Inventory (𝐼𝑁𝑉) -0.202 (0.076)** -0.292 (0.086)*** 

Copper Import (𝐼𝑀) -0.220 (0.071)*** -0.231 (0.070)*** 

Industrial Production (𝐼𝑃) -0.214 (0.078)*** -0.133 (0.075)* 

Volatility (𝑉𝑂𝐿) 0.128 (0.071)* 0.244 (0.071)*** 

R2 0.7730 0.8044 

Adjusted R2 0.7421 0.7777 

Serial Correlation 0.8076 0.3013 

(Continued)  
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LMEI Inventory (𝐼𝑁𝑉) -0.107 (0.079) -0.182 (0.085)** 

Copper Import (𝐼𝑀) -0.204 (0.075)*** -0.201 (0.074)*** 

Industrial Production (𝐼𝑃) -0.155 (0.086)* -0.055 (0.084) 

Volatility (𝑉𝑂𝐿) 0.141 (0.076)* 0.253 (0.078)*** 

R2 0.7471 0.7758 

Adjusted R2 0.7126 0.7453 

Serial Correlation 0.8932 0.4658 

LMEI – LME ASIAI Inventory (𝐼𝑁𝑉) -0.101 (0.088) -0.154 (0.094) 

Copper Import (𝐼𝑀) -0.196 (0.075)** -0.190 (0.075)** 

Industrial Production (𝐼𝑃) -0.144 (0.091) -0.042 (0.092) 

Volatility (𝑉𝑂𝐿) 0.146 (0.077)* 0.253 (0.080)*** 

R2 0.7443 0.7669 

Adjusted R2 0.7094 0.7352 

Serial Correlation 0.9660 0.7258 

Note: In the “Results” column, ***, **, * denote the coefficient is significant at the 1%, 5%, and 10% levels, respectively. No * 

denotes the coefficient is statistically insignificant. The serial correlation was tested through Durbin’s alternative test (Durbin, 1970) 

under the null hypothesis of no serial correlation, and the p-values in the table show that the models fail to reject the null hypothesis. 
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Chapter 4 Discussion 

This paper investigates inventory accessibility of the Chinese copper market 

in Asia and shows that there is evidence that Asian copper inventories moved 

to the Chinese copper market. We calculate the benefits of the Chinese market 

as convenience yields by using the cost-of-carry model and the option pricing 

model. The inventories selected are the SHFE inventories in China, the LME 

inventories in Asia, and the total LME inventories. The results show that the 

Chinese copper market gains convenience yields from the more accessible 

inventories, such as the SHFE inventories and Asian LME inventories, rather 

than the less accessible inventories, such as the LME inventories. Evidence 

that copper imports can be a channel for inventory inflows was found, which 

supports Asian LME inventories being inventories accessible to China. 

This study confirms that copper inventories in neighboring Asian nations are 

also accessible ones to China. As the accessibility of Asia’s LME inventories 

is proven through analysis, it was analytically supported that Asia’s LME 

inventories flow into the SHFE when there were incentives to hoard copper 

inventories as financial and speculative measures and an arbitrage 

opportunities between the SHFE and the LME copper or when copper imports 

increase as demand in China increases. Even though it was revealed that 

China chiefly gains convenience yields from its domestic inventories. The 

finding shows that the domestic copper inventory management is China's first 
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and most efficient measure responding to domestic consumption. In addition 

to that, Chinese copper imports were found to be a channel for accessible 

foreign inventories. On the other hand, the global LME inventories, despite 

their wide geographical radius and market share, do not greatly influence 

China's regional market, based on our results. As a result, we conclude that 

accessible inventories range from China to Asia, while inventories in other 

regions can be out of range.  

An additional finding of this study is that volatility could be the main 

difference between the cost-of-carry and option pricing models, which are 

two representative estimation methods for convenience yields. The two 

models differ in whether they presume stochastic processes, and only the 

option-based approach is based on the stochastic process. Thus, the 

convenience yields from the option pricing model appear to reflect price 

volatilities. Although there has been ample research that incorporates both 

models in estimating convenience yields, little research explored the 

difference between the two models. This study postulates volatility as a 

possible factor that makes the two models different and supports it by 

comparing the quantitative results of the two models.  

It should be noted that this study has limitations in that trade policies or legal 

regulations are not considered. Trade barriers to China’s copper imports, 

along with regional differences, can be a reason why Asia’s LME inventories 
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are less accessible than domestic SHFE inventories. However, since 

discussions on trade policy and legislation are beyond the scope of this study, 

this paper focused on regional accessibility. If China’s tariff and non-tariff 

barriers are properly quantified and included as variables, this study’s results 

may slightly be different. For example, China has tariffed raw materials, 

including copper, even after joining the World Trade Organization (WTO) in 

2001. In addition, copper is one import item subject to customs regulations, 

in which customs duties are set by Chinese Customs (Korea Institute of Public 

Finance, 2013). Considering the regulations on imports, there may be a wider 

gap between the accessibility of China’s domestic inventories and Asia’s 

inventories. A comprehensive study that includes China’s trade barriers is 

planned for further research.   
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Summary and Conclusion 

“There remains, finally, to examine the effects of speculation on the 

stability of the general level of economic activity.” 

Kaldor (1939, p. 1) 

As Kaldor(1939) suggests, this study finds evidence of speculative behaviors 

in the international energy and resources market after the 2008 financial crises. 

This study questions what the primary role of inventory in the energy and 

resources markets should be.   

This study investigates crude oil and aluminum inventories and includes 

analysis on Chinese copper inventory, which are among the commodities 

whose inventories allegedly behaved in a speculative manner, according to 

the US Senate (2014) report. The speculative use of the three inventories has 

been investigated from an academic or sociopolitical perspective. In summary, 

the results show that, first, despite the keen debate on the speculative role of 

crude oil inventories, global and US inventories balance speculative and 

buffering functions, while Cushing Oklahoma oil inventory reveals strong 

speculative tendencies. Second, aluminum inventory, as the US Senate (2014) 

reported, appears to extend speculative hoarding and the intertemporal capital 

gain from holding inventories gives the incentive to store more inventories. 
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Third, in the case of Chinese copper inventory, Asian inventories moved for 

financial and speculative purposes, providing convenient yields for the 

Chinese SHFE market, affecting SHFE copper prices.  

This study has the following implications from academic and policy 

perspectives. From an academic standpoint, this study supports the US 

Senate’s (2014) argument that there has been speculative use of inventories 

in the global crude oil and aluminum markets, by identifying the speculative 

role of inventories. It also provides academic and statistical evidence that 

China used Asian inventories for financial and speculative purposes. These 

academic outcomes lead to the following policy implications. In the case of 

crude oil and aluminum, with speculative behavior using inventories in the 

energy and resources market, this study suggests the need for additional 

research to determine whether speculation has caused dysfunction in the 

market. As Fattouh and Mahadeva (2014) and Ekeland et al. (2017) insisted, 

it is necessary to investigate whether speculative trading has affected the 

welfare of economic subjects and thus, whether they should be further 

supervised and regulated. It confirms that, in the case of copper, Asian copper 

inventory was used as a means for financial speculation in China, and Asian 

nations were also under its influence. This result suggests that it is necessary 

to observe the speculative use of inventories and inventory flow for stable 

procurement of domestic copper volumes. Overall, this study suggests that 

policy support and more thorough academic research are needed to restore 
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the balanced function of inventory in the energy and resources markets.  

Models and empirical results of this study has a couple of academic 

contributions. First, this study expands and applies the traditional theory of 

storage (Kaldor, 1939) to speculative inventory, which has traditionally been 

a blind spot. The second contribution is this study’s application of Bayesian 

econometrics. Even though there have been improvements in Bayesian 

econometrics, only part of this approach has been utilized in the field. Since 

the methodologies in this research are those that have been developing rapidly 

in recent years, this study provides analytic examples for the energy and 

resources markets in various ways depending on the research purpose. Finally, 

from a policy perspective, this study can be placed in the context of the 

dispute over segregation of banking and commerce and can be used as 

backing for policies, such as those of the US Senate (2014) report, which 

regulate financial activities regarding speculation on inventories or 

intervention in physical energy and resources markets using inventories. 
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Appendix 

A Literature on speculation 

Since 2008, there has been a great deal of research on whether the physical 

commodity market and its price have affected the speculation in the futures 

market. This appendix introduces studies that analyze speculative impacts on 

the physical commodity markets. Previous studies are divided into the 

following categories: 1) On the impact of financial strategies, positions, and 

risks (Figure A.1); 2) on the comovement among different commodities 

(Figure A.2); 3) on the relation with increased volatility of spot price (Figure 

A.3); 4) on the speculative role of inventories (Figure A.4); 4) on the 

speculative role of inventories (Figure A.5); and 5) on existence of speculative 

bubble (Figure A.6). Reviews and comments on these studies can be found in 

Fattouh et al. (2013) and Hasse et al. (2016).  

On the other hand, from a macroeconomic point of view, there has also been 

a lot of research investigating the main cause of price rise in 2003-2008 

(Figure A.6). The question these studies addressed was whether the price 

surges in the commodity markets were driven by fundamentals or speculation. 

Many studies have shown that demand growth and supply stagnation in Asia 

and developing countries are the main causes, and that there are some effects 

of speculation. In addition, there are literature discuss speculation in the social 
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and political viewpoints, or approaches from the legal and institutional 

viewpoints on speculation in the commodity market, and Figure A.6 also 

introduces them. 
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Figure A.1 Literature on financial participation: Financial strategies, positions, and risks 
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Figure A.2 Literature on financial participation: Comovement among different commodities 
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Figure A.3 Literature on financial participation: Increased volatility of spot price 
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Figure A.4 Literature on financial participation: Speculative role of inventories 
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Figure A.5 Literature on financial participation: Existence of Speculative bubble 
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Figure A.6 Literature on the contribution of fundamentals vs. speculation, socio-political perspective on 

speculation, and thorough review on previous studies 
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B Global Aluminum Market 

Figure B.1 Geographic distribution of world production of bauxite, 

alumina, aluminum (2010) 

 

 

 

Australia

32%

Brazil

15%China

14%

Indonesia

11%

Guinea

8%

Others

7%

India

6%

Jamaica

4%

Russia

3%

Bauxite (215.2 mt)

China

35%

Australia

23%

Others

16%

Brazil

11%

India

4%

United States

4%

Russia
3% Jamaica

2%

Ireland

2%

Alumina (88.6 mt)



 

 211 

 
Source: World Bureau of Metal Statistics (WBMS), CRU Group (Nappi, 2013) 
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Figure B.1 Geographic distribution of world consumption of aluminum 

(2010) 

 

 
Source: World Bureau of Metal Statistics (WBMS), CRU Group (Nappi, 2013) 
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C Global Copper Market 

Table C.1 Copper mine production by region (2014) 

kt 2009 2010 2011 2012 2013 2014 

North America 1,931 1,895 2,141 2,224 2,366 2,578 

South America 6,984 6,987  6,808 7,068 7,502 7,519 

of which Chile 5,393 5,419 5,259 5,433 5,778 5,745 

Europe 1,577 1,599 1,657 1,739 1,787 1,806 

of which EU-28 722 759 786 825 854 844 

Asia 3,224 3,233 3,033 3,091 3,395 3,379 

of which China 1,062 1,180 1,303 1,490 1,565 1,614 

Africa 1,134 1,224 1,319 1,454 1,849 1,946 

Oceania 1,016 1,029 1,090 1,048 1,103 1,043 

Total 15,866 15,968 16,047 16,624 18,002 18,270 

Source: GFMS, Thomson Reuters  
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Table C.2 Top-10 Copper mine producers (2014) 

Rank Company kt 

1 Codelco 1,841 

2 Freeport-McMoRan Inc 1,470 

3 Glencore PLC 1,296 

4 BHP Billiton Ltd 1,203 

5 Southern Copper Corp 665 

6 Rio Tinto PLC 636 

7 KGHM Polska Miedz SA 506 

8 Anglo American PLC 504 

9 Antofagasta PLC 455 

10 First Quantum Minerals 380 

Source: GFMS, Thomson Reuters 
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Table C.3 Top-10 Copper producing countries (2014) 

Rank Company kt 

1 Chile 5,745 

2 China 1,614 

3 United States 1,368 

4 Peru 1,339 

5 Australia 961 

6 DR Congo 905 

7 Russia 753 

8 Zambia 725 

9 Canada 688 

10 Mexico 522 

Source: GFMS, Thomson Reuters 
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Table C.4 Refined copper production 

kt 2009 2010 2011 2012 2013 2014 

North America 1,758 1,664 1,708 1,654 1,715 1,796 

South America 3,940 3,897 3,715 3,420 3,405 3,361 

of which Chile 3,277 3,244 3,092 2,902 2,755 2,744 

Europe 3,461 3,647 3,794 3,821 3,704 3,816 

of which EU-28 2,492 2,627 2,718 2,755 2,663 2,764 

Asia 7,940 8,483 8,941 9,578 10,128 10,934 

of which China 4,051 4,540 5,163 5,670 6,290 6,925 

of which Japan 1,440 1,549 1,328 1,516 1,468 1,535 

Africa 705 870 960 1,057 1,282 1,374 

Oceania 446 424 477 460 481 525 

Total  18,248 18,984 19,595 19,990 20,715 21,806 

Source: GFMS, Thomson Reuters 
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Table C.5 Refined copper consumption 

kt 2009 2010 2011 2012 2013 2014 

North America 1,904 2,065 2,097 2,141 2,199 2,287 

South America 530 636 600 616 638 605 

Europe 4,025 4,372 4,548 4,413 4,206 4,284 

of which EU-28 3,277 3,511 3,408 3,100 3,052 3,162 

Asia 10,429 11,637 12,091 12,433 13,290 14,029 

of which China 6,359 7,139 7,798 8,158 8,870 9,461 

of which Japan 876 1,060 1,003 978 988 1,002 

Africa 295 283 280 249 249 259 

Oceania 132 134 123 112 85 23 

Total  17,315 19,127 19,736 19,799 20,669 21,490 

Source: GFMS, Thomson Reuters 
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Table C.6 Copper inventories 

kt 2008 2009 2010 2011 2012 2013 2014 

LME 340.6 502.4 377.7 371.6 320.5 365.7 177.0 

COMEX 31.3 90.0 58.6 79.8 64.1 15.0 24.2 

SHFE 17.8 95.3 131.9 93.2 204.8 125.8 105.5 

Total 

Exchanges 

389.7 687.7 568.2 544.6 589.4 506.5 306.7 

Source: GFMS, Thomson Reuters 

  



 

 219 

Figure C.1 Global copper consumption by end use (2014) 
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요약(국문초록) 

본 논문에서는 국제 에너지 및 자원시장에서의 재고의 투기적 역할을 

탐구하였다. US Senate (2014) 보고서에서 투기적 재고의 문제가 가장 

크다고 지적한 원유와 알루미늄 시장, 그리고 아시아 시장에서 재고가 금융 

및 투기 목적으로 사용되었던 구리 시장을 대상으로 분석을 수행한다.  

첫 번째 연구는 원유 재고를 분석한다. 원유 재고는 전통적으로 시장의 

충격을 완화하고 수요와 공급의 균형하는 수단이나 2000년대 들어 원유 

재고를 이용한 투기적 거래가 포착되고 있다. 이에 본 연구는, 원유 재고는 

완충적인가, 투기적인가 질문을 던지며 원유 재고의 역할을 규명한다. 분석 

모형으로는 구조적 공급 및 수요 충격을 식별할 수 있는 SVAR(structural 

vector autoregressive model)을 사용하였으며 각 충격 식별에는 파라미터의 

부호를 제약하는 방법을 택한다. 추가적으로 방법론의 강건성을 검증하는 

차원에서 파라미터가 시간에 따라 변하는 부호제약 TVP-VAR-SV(time-

varying parameter vector autoregressive model)을 분석한다. 글로벌 원유 

재고와 미국 재고, 오클라호마 지역의 쿠싱 재고를 비교한 바, 글로벌 

재고와 미국 재고에 비해 유동성이 풍부한 쿠싱 재고에서 투기적 성향이 

관찰되었다.  
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두 번째 연구는 알루미늄 재고를 다룬다. 금융위기 이후, 알루미늄 시장은 

수요를 초과하는 잉여 공급 물량이 재고로 적체되는 동시에 선물가격이 

현물가격보다 높은 콘탱고를 이루었다. 이러한 시장 상황은 투자자들이 

재고를 투기적으로 유인할 유인을 제공하였으며 글로벌 알루미늄 재고는 

이례적으로 증가하였다. 본 연구는 알루미늄 시장의 차익거래기회 및 

금전적 유인으로 인해 재고가 증가하였는가에 대한 통계적 분석을 제공한다. 

재고로부터 발생 가능한 금전적 유인 또는 보유편익의 대리변수로 

조정베이시스를 계산하며, 조정베이시스와 재고 간 상관관계를 

DLM(dynamic linear model)과 TVP-VAR-SV 모형으로 분석한다. 본 

연구는 분석을 통해 금전적 유인 발생 시 재고가 동반 증가하였다는 통계적 

증거를 제시하였다.  

세 번째로 연구는 중국 및 아시아 지역의 구리 재고를 탐구한다. 중국은 

국내 구리 수요를 충당하기 위해 재고를 저장하는 것 외에도, 금융 및 투기 

목적을 위해서도 재고를 활용한다. 2010년대 들어, 중국에서 구리 재고를 

활용한 금융 및 투기 거래가 급증하면서 인근 아시아 국가의 구리 재고 

또한 급변하는 양상이 나타났다. 이에 아시아 구리 재고가 중국의 금융 및 

투기 거래에 활용되었는지를 분석을 통해 확인한다. 분석의 프레임은 중국 

내 구리 가격이 중국 내 재고 뿐만 아니라 아시아 재고의 보유편익과도 

관계가 있는지 보는 것으로 분석 모형은 시계열 자료의 특성에 따라 
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ARDL(Auto regressive distributed lag) 모형을 채택한다. 분석 결과 중국 

구리가 금융 및 투기 목적으로 활용되었던 시기에 중국 내 구리 가격과 

아시아 재고 간 유의한 관계가 확인되었으며, 이로써 중국의 재고 매집 

범위가 아시아 지역까지 걸쳐 있다는 통계적 증거를 얻었다.  

종합적으로 본 논문의 세 연구는 해당 시장에서 재고를 이용한 투기가 

존재했음을 정량적으로 밝힘으로써, 다음과 같은 학술적, 정책적 기여도를 

갖는다. 학술적으로, 에너지·자원 시장에서 재고의 투기성이 존재한다는 

사회적·정책적 주장(US Senate, 2014 등)을 경제적·통계적으로 입증하였다는 

점에서 의의가 있다. 특히 Kaldor (1939)를 비롯한 전통적인 자원경제이론을 

투기적 재고로 확장하였다는 점에서 이론적 기반을 가지며 해당 논문에서 

고안한 분석 방법론은 관련 주제의 학술 연구에 적용 가능하다. 나아가 

정책적으로, 본 연구는 큰 범주에서 국제시장에서의 투기행위를 확인한 바, 

다양한 국제금융세력이 재고를 투기적으로 이용하거나 재고를 이용해 

실물시장에 개입하는 것을 적절히 조정 또는 규제하기 위한 정책을 

수립하는데 필요한 기초 자료를 제공한다. 

주요어 : 투기, 재고, 재고이론, 보유편익, 베이지안 
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