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A Comprehensive Examination of Commodity ETF
Tracking Divergence

Colburn H. Hassman

(ABSTRACT)

This paper investigates differences in returns between the ETF price, Net Asset Value, and

Benchmark Asset Baskets for five popular futures-backed ETFs. We decompose tracking

difference to examine the relative size of tracking differences attributable to managers versus

the arbitrage process. Tracking differences attributable to managers is found to be signif-

icantly smaller than that attributable to the arbitrage process. We then test for average

Tracking Differences using the Mincer-Zarnowitz Equation. We find evidence of bias in re-

turns for multiple ETFs and demonstrate the usefulness of the decomposition. Furthermore,

we investigate the dynamics of Tracking Error using a GARCH methodology. We find sup-

port that the volatility of the ETF effects Tracking Error but find no evidence that rolling

futures contracts influences Tracking Error.



A Comprehensive Examination of Commodity ETF
Tracking Divergence

Colburn H. Hassman

(GENERAL AUDIENCE ABSTRACT)

This research focuses on futures-backed commodity ETFs. ETFs are exchange-traded instru-

ments and are a convenient way for investors to gain commodity exposure without having

to have access to a margin account, deal with futures contract expiration, or the large size of

futures contracts. We investigate the ability of these instruments to achieve their investment

goals: namely to perfectly replicate the exposure of a benchmark of futures contracts. We

find that differences in the returns of the benchmark and ETF exist on average and that

the bulk of these differences are attributable to the Creation and Redemption process rather

than the ETF manager. Finally, we find that market volatility effects the volatility of these

differences, but roll dates have no effect.
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1 Introduction

Exchange Traded Funds (ETFs) are an important and growing portion of global financial markets,

often playing a significant role in portfolio construction for professional asset managers and retail

investors alike. ETFs were first introduced in the U.S. with the Standard & Poor’s 500 Depository

Receipt (SPDR) in 1993 but their history can be traced to portfolio or program trading introduced

in the 1970s (Gastineau, 2010). Since their introduction, ETFs have grown to hold 5.7 trillion

dollars as of 2019, and are expected to reach 10 trillion by 2024 (IPE, 2019). ETFs are part of

the broader Exchange Traded Product (ETP) universe which also includes Exchange Traded Notes

(ETNs) and Exchange Traded Commodities (ETCs). Similar to mutual funds, ETPs help investors

construct diverse and sophisticated portfolios in an inexpensive and efficient manner. Unlike mutual

funds, ETPs are traded throughout the day, increasing price transparency and allowing for intraday

liquidity. Broad-index equity ETPs, such as the SPDR, allow investors to gain passive exposure

to a large market-capitalization weighted basket of stocks across major sectors without having

to rebalance the index, consider the inclusion of companies into the index, or manage dividend

payments. Lastly, the ease of use and tax efficiency of ETPs make them increasingly popular tools

for investors.

In the commodity space, ETPs provide unique benefits to investors. Buoyed by a low historical

correlation with traditional investment markets (such as equities and bonds), commodities have

become increasingly financialized and have grown in popularity amongst investors since the early

2000s. This low correlation augurs well for the diversification of investment portfolios (Gorton and

Rouwenhorst, 2004). Around the same time, commodity markets saw a large increase in transaction

volume and the transformation from primarily in-person pit trading to electronic trading (Irwin

and Sanders, 2012). Despite the ease of access provided by electronic markets, gaining commodity

exposure through the traditional futures markets continues to have several considerable drawbacks

for retail investors. The first drawback is the relatively large size of futures contracts. For example,

the size of a corn contract traded on the CME exchange is 5,000 bushels. At $4.75 a bushel, the

notional value of one contract is $23,750, which may be too large for a standard investor to use as

a diversifying portion of his/her portfolio.1 The advent mini and micro contracts in recent years

has partially ameliorated this issue but other problems persist. Unpredictable cash flows in the

form of margin calls may cause liquidity issues for small investors. Investors may need to quickly

deposit cash to cover losses in their future’s position. Finally, because futures contracts expire,

investors need to roll the contract forward to continuing gaining exposure. Commodity ETPs help

address these challenges and provide added opportunities to invest in broad indexes or sub-indexes

which include multiple commodities. The flexibility and the ease of use of commodity ETPs have

undoubtedly increased their popularity, especially among retail investors.

Because the primary purpose of ETPs is to provide investors with exposure to underlying

assets or strategies, the ability of ETPs to accurately track the returns of their benchmark should

1$4.75 is the price of the December contract at the time of writing.
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be considered the primary measure of success. In reality, differences in returns between the ETF

and benchmark exist and at times are substantial. This difference in performance is a key concern

for ETF investors who construct portfolios based of the stated benchmark but trade at the ETF

price. Consistent bias in returns between the ETF and the benchmark implies that over the life of

an investment, the two prices may drift apart considerably. Short-term tracking divergence may

also have implications for a portfolio as diversification measures may fail in times of stress. It is

thus important for investors to understand the sources and nature of tracking divergences when

investing in ETPs.

The goal of this paper is to investigate tracking differences in five popular futures-backed com-

modity ETFs: three agricultural ETFs from Teucrium funds: CORN (Corn), SOYB (Soybean),

and WEAT (Wheat), as well as two energy ETFs issued by USCF: USO (WTI Crude Oil) and

UGA (US Gasoline). Futures-backed commodity ETFs are an under-studied portion of the ETF

universe and face unique issues compared to ETFs employing a different replication method. Our

first research question concerns the relative success of the ETF Manager and the ETF Creation

and Redemption process in tracking the underlying asset. From where does Tracking Differences

originate? The second research area is investigating average Tracking Differences, which are espe-

cially important for long-term investors. Are there long-term differences in returns, and from where

do they originate? The final research question concerns the dynamics of the volatility of Tracking

Differences. How does the volatility change over time and what factors effect it? We are able

to provide additional insights into the nature and causes of tracking differences by reconstructing

benchmark asset baskets where none are readily available. The findings of our study are useful to

ETP investors and financial professionals who wish to better understand the risks associated with

investing in futures-based commodity ETFs.

2 Data

The data from this paper comes from a variety of sources, including the Fund Manager, the Fund

Prospectus, and the Bloomberg and Thomson Reuters Data services. We begin by analyzing

the important attributes of the ETFs studied in this paper. Table 1 summarizes the relevant

characteristics of each ETF as of March 30, 2021. As shown, the Agricultural ETFs (CORN,

SOYB, and WEAT) hold multiple contract months in different proportions, while the two Energy

commodities only hold a single contract month during the period of study. It is important to

emphasize that these ETFs mimic the exposure to futures contracts, rather than the cash market.

By holding futures contracts, the ETFs are not meant to track the spot price of the commodity.

Irwin et al. (2020) and Guedj, Li, and McCann (2011) document large discrepancies between the

performance of futures-backed commodity ETFs and commodity spot prices, often a source of

confusion among novice commodity ETF investors.

The Expense Ratios, which are defined as ”the amount of income required for the redemption

value at the end of one year to equal the selling price of the Share”, vary across ETF (Teucrium,

2



2020; USCF, 2020). The Expense Ratio is the amount of money the benchmark would need to

appreciate by in order to cover the fees and operating expenses of the manager. This is an all-

encompassing measure of Management Fees taking into account all charges and expenses incurred

by the ETF manager. The agricultural ETFs all charge significantly higher expense ratios (2.47%-

3.14%) compared to the energy ETFs (0.73% and 0.75%).

It is also interesting to note the relative size of ETF Assets Under Management (AUM). AUM

refers to the value of all of the assets which back the ETF: the value of the ETF’s portfolio. AUM

can be thought of a measure of popularity as it shows the value invested in the ETF. The AUM of

USO (around 3 billion USD) is twenty times the size of CORN (157 million USD), the next largest

ETF in terms of AUM.

For each ETF, there are three primary measures used to analyze it’s tracking performance. The

first is daily open, high, low, and close (OHLC) prices which are collected from Bloomberg and

Thomson Reuters databases. OHLC prices are a reflection of the price of the ETF traded on the

exchange, the actual prices at which investors bought and sold the ETF.

The second is Net Asset Value (NAV). The NAV is the ETF manager’s portfolio assets minus

its liabilities. In ETFs, the value is often reported on a per-share basis by dividing this value

by the total number of shares outstanding. The NAV thus represents the value of the portion

of the manager’s portfolio which ”backs” each ETF share. This information is readily available

to investors, often through the ETF Manager’s website or public sources. Our data is collected

through the Bloomberg data service.

3
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The third measure of ETF performance is its Benchmark. This is the ”goal” portfolio which

the ETF managers strive to recreate. Benchmark prices reflect the value of the asset basket which

the ETF is meant to track, according to the ETF investment goals. In our case, these are the

settlement prices of the included futures contracts described in Table 1. While many studies which

investigate Tracking Differences have benchmark values readily available (such as the SP 500 Index

or Bloomberg Commodity Index), there are no such benchmark values available for the ETFs

investigated in this paper. In order to reconstruct the benchmark asset baskets for each ETF, daily

closing futures prices for all of the included contracts were collected from Bloomberg, Thomson

Reuters, and Quandl. Where ETFs contained multiple futures contracts, as in the case of CORN,

SOYB, and WEAT, the asset basket was recreated using the target weightings found in the fund

prospectus:

Bt =

N∑
i=1

PF
t WF (1)

where B is the benchmark value, N is the number of futures contracts included in the benchmark,

PF
t is the price of futures contract F on day t and WF is the target weighting of futures contract

F . Notice that there is no accounting for management fees, transaction costs, or other limitations

of the manager in the benchmark.

One of the challenges for long-term passive commodity investors utilizing futures contracts

to gain exposure is that contracts expire regularly. With commodity-backed ETFs, the issue of

expiring contracts is handled by the ETF manager rather than the ETF investor. The futures-based

ETF Managers approach this problem by rolling forward futures contracts on a set, predetermined

schedule. This roll period can last from one to multiple days during which time the fund sells the

contracts closer to expiration and buys the contracts farther from expiration. The roll period timing

and procedures for each ETF are described in it’s prospectus and the exact roll dates are collected

from the fund managers. These roll dates are vital to properly reconstructing the benchmark as

they mark a change of the contract months included.

While some indexes, such as the Bloomberg Commodity Index, provide guidance as to the

portion of contracts which are rolled forward on each day of a multi-day roll period, the ETF

managers do not provide such information (Bloomberg, 2016). This leads to uncertainty regarding

the exact composition of the benchmark during roll periods. Because of this uncertainty, in order

to not artificially induce tracking differences, we exclude roll days from our initial analysis of the

ETF benchmark. However, we assume that by the end of the last day of the roll period the fund

manager has completed their transactions and the ETF holds the new contracts.

Days when either the major stock exchanges or the relevant CME Group exchanges were closed

are also excluded from the analysis. Holidays and market closures are largely synchronous between

the major US markets, but not always. An example of a conflicting case was December 5, 2018, a

National Day of Mourning for former President George H.W. Bush. On this day, the major stock

markets (on which ETFs trade) were closed, as well as the CME Group Equity and Interest Rate

5



Table 2: Price Summary Statistics

CORN SOYB WEAT USO UGA

P
ri

ce

Min 11.67 13.34 4.86 8.24 8.90
Median 21.24 18.97 8.94 12.78 32.63
Mean 24.82 19.66 11.03 17.63 38.61
Max 52.67 28.85 25.30 39.36 65.71
Std Dev 10.19 4.37 5.78 9.83 14.11

N
A

V

Min 11.70 13.38 4.89 8.14 8.52
Median 21.25 18.98 8.94 12.80 32.61
Mean 24.82 19.66 11.03 17.64 38.62
Max 52.68 28.77 25.17 39.48 65.44
Std Dev 10.19 3.48 5.77 9.84 14.13

B
en

ch
-

m
ar

k

Min 320.48 834.26 421.88 28.35 0.49
Median 394.30 990.18 535.71 56.43 1.84
Mean 437.99 1,057.96 574.55 62.87 2.02
Max 774.23 1,632.46 916.03 110.53 3.40
Std Dev 99.28 179.39 112.09 20.33 0.64

N 2,031 2,079 2,040 1,334 2,039

products markets. CME commodity markets remained open. Including these dates in the dataset

would create artificial tracking error between the ETF benchmark (which changed) and the ETF

price (which did not.)

USO is a special case wherein the asset basket holding criteria mid-2013 and again in early 2020

around the COVID-19 pandemic-induced energy market volatility. Because of this change, analysis

including the USO benchmark is evaluated beginning July 2013 and ending January 2020. Table

2 displays summary statistics for ETF price, NAV, and benchmark for each ETF. All ETF prices

and NAVs are reported in dollars per share. Benchmark values for USO are reported in dollars per

barrel, and dollars per gallon in the case of UGA. Agricultural benchmark values are reported in

cents per bushel.

Figure 1 shows changes in ETF price, NAV, and benchmark during the period of study. Our

research focuses on differences between returns. We construct log returns as show in Equation 2

for ETF Price, NAV, and Benchmark.

Rd = ln(
Pt

Pt−1
) · 100 (2)

Table 3 includes summary statistics for returns of each measure while Figure 2 shows these

values over time. The COVID-19 Pandemic’s effect on markets are clearly visible in UGA but not

so in CORN, SOYB, and WEAT (recall that this period is excluded from the current analysis of

USO). For each measure of each ETF, the mean return was negative over the sample period. The

two energy ETFs, USO and UGA, are more volatile then their agricultural counter parts, both in

terms of the standard deviation of returns and the minimum and maximum returns.

6



Figure 1: ETF Price, NAV, and Benchmark over time
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Figure 2: ETF, NAV, and Benchmark Returns over time

8



Table 3: Return Summary Statistics

CORN SOYB WEAT USO UGA

P
ri

ce

Min -7.26 -7.55 -5.45 -8.68 -25.29
Median -0.05 0.00 -0.14 0.03 -0.02
Mean -0.06 -0.02 -0.07 0.05 -0.06
Max 6.34 9.22 7.72 11.47 17.95
Std Dev 1.22 1.15 1.50 2.03 2.27

N
A

V
Min -6.19 -5.77 -5.96 -10.80 -26.52
Median -0.05 0.00 -0.12 0.02 0.01
Mean -0.06 -0.02 -0.07 -0.05 -0.06
Max 6.59 4.54 6.82 13.43 19.30
Std Dev 1.22 1.03 1.43 2.16 2.45

B
en

ch
-

m
ar

k

Min -6.10 -5.77 -5.91 -10.79 -26.50
Median -0.04 0.01 -0.11 0.02 0.02
Mean -0.04 0.00 -0.05 -0.05 -0.06
Max 6.59 4.59 6.85 13.42 19.29
Std Dev 1.22 1.03 1.42 2.16 2.45

N 2,030 2,078 2,039 1,333 2,038

3 Tracking Differences

Johnson et al. (2013) argue that there has been considerable heterogeneity in defining measures

of ETP tracking performance both in industry and in academic research. In an attempt to clarify

this matter for reporting purposes, the European Securities and Markets Authority (ESMA) issued

guidelines defining both Tracking Difference and Tracking Error, two common words often used

incorrectly and interchangeably. Tracking Difference is the difference in returns between the ETP

and the benchmark index. Tracking Error is the volatility of the difference between the return of

the ETP and the benchmark index (ESMA, 2012). Tracking Differences between ETF prices PE

and benchmark prices PB daily (d) can thus be computed by subtracting one return from the other,

as shown below.

TDt = RE,t −RB,t = ln

(
PE,t

PE,t−1

)
· 100− ln

(
PB,t

PB,t−1

)
· 100 (3)

As stated previously, this definition of Tracking Difference is very meaningful for investors, who

transact at ETF prices but presumably build portfolios based off the stated benchmark of the

fund. Short-term investors may be bewildered and frustrated when the returns of the ETF and

the benchmark do not align. Investors with longer holding periods are likely especially concerned

with average differences of returns, which may compound significantly over the extended holding

period.

So far, we have only discussed two of the three measures as it relates to Tracking Differences:

the ETF Price and Benchmark. By including the NAV, we are able decompose this Total Tracking

Difference into two separate components, show in Figure 3. Tracking Differences which lead to

9



valuable insights as to the nature and causes of this issue (Elton et al., 2002; Aber et al., 2009). The

first component of Total Tracking Difference is Managerial Tracking Difference (TDM ): Tracking

Differences attributable to the ETF manager. This is calculated as the difference between NAV

and Benchmark returns. The stated investment goal of all ETFs studied in this paper is that

the NAV, rather than the ETF Price, replicates the exposure of the benchmark (USCF, 2020;

Teucrium, 2020) This is a subtle but important distinction. By holding a portfolio which replicates

the benchmark, ETF managers only control the differences between the benchmark and the NAV.

The benchmark can be thought off the goal portfolio while the NAV is the value of the actual

fund portfolio, inclusive of fees. Frino and Gallagher (2001) argued that tracking divergence is

unavoidable due to market friction, as the benchmark index is calculated as if transactions occur

instantaneously and without costs. These costs would be reflected in NAV performance. Other

potential causes of TDM include unintentional deviations from the benchmark, including cash drag

and weightings drift (Gastineau, 2010)2.

The second component of Total Tracking Difference concerns the ability of the ETF price to

reflect the NAV, the value of the ETF manager’s portfolio. Arbitrage Tracking Difference (TDA)

is the difference between ETF price and the Net Asset Value. Gallagher and Segara (2006) noted

that the price of an ETP is determined by the supply and demand characteristics for the ETP

itself. These characteristics might be misaligned with those of the underlying asset leading to a

misalignment of returns and exposure. Authorized Participants3 of the fund can exchange the

underlying assets of the ETF for shares of the ETP via the Creation and Redemption (Arbitrage)

process, keeping the two prices in line. The exact process for creating and redeeming ETF shares

varies by ETF but it is far from instantaneous and frictionless for the ETFs we study.4 Hill, Nadig,

and Hougan (2015) pointed out that the arbitrage gap (the price at which it makes sense for ETF

Authorized Participants to step in) varies with the liquidity of the underlying securities and related

costs. In some ETFs, the gap can be as small as 1 cent, and substantially larger in others.

To summarize, the ETP’s success in tracking the underlying benchmark will depend both on the

skill of the manager to keep the NAV in line with the the benchmark and the ease of the Creation

and Redemption process to keep the ETF price aligned with NAV. The sum of Managerial and

Arbitrage Tracking Differences forms Total Tracking Differences.

TDt = TDA,t + TDM,t = (RE,t −RN,t) + (RN,t −RB,t)

Table 4 provides summary statistics of each of the three tracking differences for each ETF while

Figure 4 displays the tracking difference over time. We find that in absolute terms, Arbitrage

2Cash drag refers to ETF managers holding more cash then necessary, thus weighing down returns. Though
mostly discussed in the context of equity ETFs, cash drag is especially important for future-backed commodity ETF
managers who buy futures on margin and thus have a significant cash position. Weightings Drift is the idea that as
the contents of the ETF manager’s portfolio do not move in lock-step, the initial weightings of each asset will drift
from the initial weightings, requiring portfolio rebalancing.

3Authorized Participants are traditionally large financial institutions, such as major banks, who fulfill the role of
arbitrager between the ETF price and the NAV.

4The user is directed to the appendix for a diagrammatic explanation of this process.

10



Figure 3: Tracking Difference Decomposition

Table 4: Tracking Difference Summary Statistics

Value CORN SOYB WEAT USO UGA

T
D

Min -1.33 -7.95 -4.25 -6.01 -7.76
Median -0.02 -0.02 -0.01 -0.01 1.01E-04
Mean -0.01 -0.02 -0.02 9.70E-04 2.88E-03
Max 2.03 8.97 4.18 3.98 8.2
Std Dev 0.25 0.52 0.52 0.57 0.64

T
D

M

Min -0.16 -0.21 -0.23 -0.01 -0.02
Median -0.01 -0.01 -0.01 -5.34E-04 -1.27E-03
Mean -0.01 -0.02 -0.02 8.55E-04 -4.38E-04
Max 0.28 0.11 0.1 0.02 0.04
Std Dev 0.02 0.02 0.02 4.08E-03 4.38E-03

T
D

A

Min -1.33 -7.9 -4.21 -6 -7.78
Median -2.23E-03 -4.42E-03 6.57E-04 -0.01 1.74E-03
Mean -1.56E-04 -1.41E-03 -9.76E-04 1.16E-04 3.32E-03
Max 1.75 9 4.23 3.96 8.2
Std Dev 0.25 0.52 0.52 0.57 0.64
N 2030 2078 2039 1333 2038

Summary information for Total Tracking Difference, Managerial Tracking Difference, and Arbitrage

Tracking Difference.

Tracking Differences are much larger than Managerial Tracking Differences. This implies that the

ETF managers do a relatively good job at keeping their portfolios aligned with the benchmark and

the arbitrage process is relatively less successful in keeping the ETF price aligned with NAV. This

finding conflicts with similar studies in other ETFs, namely Elton et al. (2002) which investigates

Standard and Poor’s Depository Receipts (SPDRs) and Gallagher and Segara (2006) which studies

ETFs traded on the Australian Stock Exchange. These studies find that the Tracking Differences

attributable to the Manager are larger than those attributable to the Arbitrage process. These

conflicting results across ETFs highlights the need to consider specific characteristics of each futures-

backed ETFs individually.

TDA is similar to the concept of ETF premium and discounts to NAV, the percent above or

below the price of price of the ETF is compared to NAV, explored in previous studies and show

in Equation 5. While the calculation differs, both metrics capture the differences between NAV

11



Figure 4: TD, TDM , and TDA
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and the ETF Price, effectively analyzing the effectiveness of the Creation and Redemption Process.

The research is divided as to the relative importance of premium and discounts to NAV (Engle and

Sarkar, 2006; Aber et al., 2009), again highlighting the need to analyze ETFs individually an avoid

extending findings inappropriately.

Premiumt =
(PE,t − PN,t)

PN,t
(5)

Because TDM is so small in the ETFs studied, we find the size of TDA to be similar to the

size of TD. As previously mentioned, other research in equity ETFs found TDM to be larger than

TDA. In studies of commodity ETFs, especially futures-backed commodity ETFs, the focus has

largely been on TDA. This is likely because there is often no benchmark readily available and

TDA does not include the benchmark when calculating. Given the conflicting results regarding

the relative size of TDA and TDM , it is important that ETF investors recognize that differences

between ETF price and NAV are not the only source of Tracking Differences.

4 Average Tracking Differences

Average Tracking Differences refers to long-term differences between two returns. For a long-term

investors, average tracking differences are extremely important. A small average daily tracking

differences compounded over a significantly long holding period may lead to substantial differences

in total returns.

In order to investigate average tracking differences, we utilize the methodology of Mincer and

Zarnowitz (1969), widely used throughout the literature wherein the two returns are regressed on

one another to judge the accuracy and bias. This analysis of Tracking Divergences differs from the

previously defined equations but leads to meaningful insights as to the nature of TD.

We begin by testing the stationarity of returns, a necessary condition for meaningful regression

(Dickey and Fuller, 1979). Table 5 reports the results of the Augmented Dickey-Fuller Test for Unit

Root with associated t-statistics and p-values. The null hypothesis of unit root is rejected in each

case, indicating stationarity.

We define three Mincer-Zarnowitz equations corresponding to TD, TDM and TDA:

Total Tracking Difference:RE
t = α+ βRB

t + εTD
t (6)

Managerial Tracking Difference:RN
t = α+ βRE

t + εTDM
t (7)

Arbitrage Tracking Difference:RE
t = α+ βRN

t + εTDA
t (8)

where α is a measure of systematic bias and β is a measure of risk. Bias is how much on average

the dependent returns is above or below the explanatory return. An unbiased ETF will show an
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Table 5: Augmented Dickey Fuller Test on Returns

Statistic p value

E
T

F

CORN -9.292 < 0.01
SOYB -10.399 < 0.01
WEAT -10.189 < 0.01
USO -7.801 < 0.01
UGA -9.331 < 0.01

N
A

V

CORN -9.303 < 0.01
SOYB -10.219 < 0.01
WEAT -10.227 < 0.01
USO -7.903 < 0.01
UGA -9.328 < 0.01

B
en

ch
-

m
ar

k
CORN -9.326 < 0.01
SOYB -10.173 < 0.01
WEAT -10.202 < 0.01
USO -7.903 < 0.01
UGA -9.327 < 0.01

α = 0. A negative (positive) α coefficient indicates that the daily ETF return is smaller (larger)

than the benchmark return. The coefficient estimates are interpreted as average daily differences

in percent returns.

Risk, reflecting in β, is a measure of whether the volatility of the base return is being properly

transferred to the dependent return. β is an elasticity, a measure of the change in y brought about

by x. The interpretation of β in this context is analogous the interpretation of the same coefficient

in the Capital Asset Pricing Model (CAPM). An ETF with perfect unity has a β = 1. If β is greater

(smaller) than one, the volatility of the dependent return is on average larger (smaller) than that

of explanatory return. Both α and β capture average attributes of tracking differences.
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Table 6: Mincer-Zarnowitz Results

Estimate SE t score p value R2

T
D

CORN
α -0.0152 0.0055 -2.7802 0.0055 0.9592
β 0.9814 0.0045 -4.1483 < 0.0001

SOYB
α -0.0168 0.0113 -1.4874 0.1371 0.7974
β 0.9910 0.0110 -0.8218 0.4117

WEAT
α -0.0174 0.0114 -1.5222 0.1281 0.8814
β 0.9883 0.0080 -1.4507 0.1472

USO
α -0.0036 0.0146 -0.2465 0.8053 0.9310
β 0.9047 0.0068 -14.1098 < 0.0001

UGA
α -0.0038 0.0129 -0.2916 0.7706 0.9336
β 0.8951 0.0053 -19.8330 < 0.0001

T
D

M

CORN
α -0.0143 4.36E-04 -32.6770 < 0.0001 0.9997
β 0.9999 3.58E-04 -0.3954 0.6929

SOYB
α -0.0154 4.90E-04 -31.4524 < 0.0001 0.9995
β 0.9954 4.75E-04 -9.6815 < 0.0001

WEAT
α -0.0156 4.86E-04 -32.0783 < 0.0001 0.9998
β 1.0038 3.42E-04 10.9975 < 0.0001

USO
α 0.0009 1.12E-04 7.6727 < 0.0001 > 0.9999
β 1.0000 5.17E-05 0.8559 0.3922

UGA
α -0.0004 9.71E-05 -4.5103 < 0.0001 > 0.9999
β 1.0000 3.97E-05 0.1166 0.9073

T
D

A

CORN
α -0.0012 0.0054 -0.2250 0.8220 0.9596
β 0.9816 0.0045 -4.1174 < 0.0001

SOYB
α -0.0015 0.0113 -0.1319 0.8951 0.7976
β 0.9955 0.0110 -0.4114 0.6812

WEAT
α -0.0020 0.0114 -0.1789 0.8581 0.8814
β 0.9845 0.0080 -1.9371 0.0529

USO
α -0.0044 0.0146 -0.2997 0.7645 0.9310
β 0.9047 0.0067 -14.1170 < 0.0001

UGA
α -0.0034 0.0129 -0.2613 0.7939 0.9336
β 0.8951 0.0053 -19.8351 < 0.0001

Results of Mincer-Zarnowitz Regression for Total Tracking Difference, Managerial Tracking Difference, and

Arbitrage Tracking Difference.
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Figure 5: Mincer-Zarnowitz Coefficient Estimates with 95% Confidence Bars

Table 6 displays the results of linear regression for TD, TDM , and TDA. The significance of β

is relative to 1, while all others are relative to 0. Figure 5 visualizes the coefficient estimates with

95% confidence bars. Out findings for each TD are discussed in the following sections.

4.1 Total Tracking Difference

The α coefficient estimates for Total TD are statistically difference from zero only in the case

of CORN. All α estimates are below zero which indicates that on average, the ETF returns less

than the benchmark for the ETFs studied. This phenomenon is likely caused by multiple factors

including transaction costs, cash drag, and the expense ratio of the ETF. While the coefficient

estimates may seem small, recall that these are differences in daily returns which compound over

time. In the case of WEAT for example, the coefficient estimate of -0.0174% compounded over 252

trading days in a year implies an annual difference in ETF and Benchmark returns of -4.29%.

The β estimates for Total TD are significantly different from one in the case of CORN, USO,

and UGA. For all of the ETFs studied, the β estimates are below one, indicating that on average,

the volatility of the ETF is less than the volatility of the benchmark. This is especially true in the

case of USO and UGA, where the ETF is approximately 10% less volatile than the Benchmark.
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4.2 Managerial Tracking Difference

Decomposing TD into TDM and TDA is very informative for isolating the source of average tracking

differences. It is clear that the negative α coefficient found in Total Tracking Differences is the result

of the ETF Manager, especially for the agricultural ETFs. For TDM , CORN, SOYB, and WEAT all

the α coefficient estimates which are significant below zero, indicating that on average, the returns

that the manager’s achieve are less than the returns achieved by the benchmark. As discussed

earlier, CORN, SOYB, and WEAT all have significantly higher expense ratios than USO or UGA

which likely contributes to the differences in estimates.

Additionally, SOYB and WEAT have β estimates statistically different than one, though the

estimates are very close to unity. The β coefficents less than one found in Total Tracking Differences

are not explained by this compenent of Total Tracking Difference. In other words, the Manager’s

portfolio is just as volatile as the Benchmark. The high R2 values indicate that variation in the

NAV is almost perfectly explained by variation in the benchmark: Managers do a relatively good

job of replicating Benchmark returns.

4.3 Arbitrage Tracking Difference

The α coefficient results for Arbitrage Tracking Difference indicates that on average, the return of

the ETF are similar to the return of the NAV, but with larger uncertainty in coefficient estimates

than Managerial Tracking Difference

In the case of CORN, USO, and UGA ETFs all have β estimates statistically different than one

at the 5% level, with the USO and UGA estimates having similar magnitudes. WEAT is significant

at the 10% level. This indicates that the variation in the returns of the ETF do not reflect the

variation in the NAV, the ETF being less volatile. In other words, the failure of the ETF returns

to match the volatility of the the Benchmark is due to the Arbitrage process, rather than the ETF

Manager.

The R2 values for the Arbitrage Tracking Difference equation differ across commodities, with

CORN and SOYB having the best and worst fit, at 0.96 and 0.80 respectively. For both USO and

UGA, approximately 93% of the variation of the ETF can be explained by the variation in the

NAV. These values are significantly lower than the R2 values of the Managerial Tracking Difference

regression, which are all greater than 0.99, indicating larger tracking differences.

To summarize the results of the average tracking difference analysis, the additivity of TDM

and TDA to form TD allows us to make judgements about the causes of average TD. Negative α

estimates likely the result of managers, especially for the agricultural ETFs, the NAV returns less

than the benchmark. This implies that over the investment period, the ETF will return less than

the benchmark. β estimates less than one are likely the results of the arbitrage process rather than

the manager: the volatility of the ETF does not reflect the price action of the NAV.

That CORN, SOYB, and WEAT estimates and USO and UGA estimates are grouped together

is of note. Not only do they cover different groups of commodities (agricultural versus energy),

but they also come from different fund managers (Teucrium and USCF). The finding highlights
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the heterogeneity of tracking differences across different ETPs, even amongst a small subset such

as futures-backed commodity ETFs.

4.4 Tracking Error: the Volatility of Tracking Differences

In order to further analyze the relative size of TDM and TDA, and their contribution to TD, we

turn to the concept of tracking error, the volatility of tracking differences. A simple summation

of daily tracking differences would be insufficient as daily tracking differences with opposite signs

(positive or negative) offset each other. While the total sum or average of daily tracking differences is

informative regarding the bias of such differences, investors may also be concerned with the volatility

of tracking differences, as there may be significant short-term implications for their portfolio versus

the benchmark.

Without a common methodology defined by regulators, there are multiple calculations of track-

ing error. The three primary ways of measuring tracking error found in previous research are as

the Average Absolute Difference in Returns (AARD), the Standard Deviation of Return Difference

(SDRD), and as the standard error of the residuals of the Mincer-Zarnowitz equations defined

above. The equations below show tracking error in terms of TD but can also be applied to TDM

and TDA.

Average Absolute Difference in Returns:

∑N
t=1 | TD |
N

(9)

Standard Deviation of Return Differences:

√∑N
t=1(TDt − ¯TD)2

N − 1
(10)

Standard Error of the Residuals:

√∑N
t=1 ε

2
t

df
(11)

where ε are the residuals from the Mincer-Zarnowitz equation show in Equation 6 and df are the

degrees of freedom from that same equation.

We follow similar notation for tracking error as tracking differences, wherein TE is the volatility

of TD, TEM is the volatility of TDM , and TEA is the volatility of TDA. As show in Table 7 we

find the size of TEA to be significantly larger than TEM by all three metrics in all the ETFs we

study. This again indicates that the returns of ETF price and NAV differ more than the returns of

NAV and the benchmark. This finding reiterates that the creation and redemption process does a

relatively poor job of keeping the price of the ETF in line with the NAV compared to the manager’s

effort to align the NAV and benchmark.

Additionally of note are the differences between agricultural and energy ETF TEM metrics.

The agricultural ETFs have much larger TEM versus energy ETFs. This implies that the energy

ETF manager (USCF) does a better job of keeping NAV aligned with the benchmark over the

sample period compared to the agriculture ETF manager (Teucrium Funds). These differences in
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magnitude may be explained by the energy ETFs holding only one futures contract (rather than

three in the case of CORN, SOYB, and WEAT) or the lower managerial fee.

Table 7: Metrics of Tracking Error

ETF TD TDm TDa

A
A

R
D CORN 0.1809 0.0167 0.1805

SOYB 0.2646 0.0181 0.2640
WEAT 0.3352 0.0191 0.3347
USO 0.3765 0.0030 0.3765
UGA 0.3800 0.0032 0.3800

S
D

R
D

CORN 0.2475 0.0196 0.2461
SOYB 0.5159 0.0228 0.5156
WEAT 0.5152 0.0226 0.5156
USO 0.5710 0.0041 0.5710
UGA 0.6382 0.0044 0.6382

S
E

R

CORN 0.2465 0.0196 0.2452
SOYB 0.5160 0.0223 0.5157
WEAT 0.5151 0.0219 0.5152
USO 0.5328 0.0041 0.5327
UGA 0.5839 0.0044 0.5838

AARD: Average Absolute Difference in Returns

SDRD: Standard Deviation of Return Differences

SER: Standard Error of the Residuals.

Between tracking difference and tracking error, which measurement is most meaningful for

investors? Gastineau (2010) argues that average tracking difference should be the preferred frame-

work for assessing fund manager performance, writing that ”the fund manager’s objective should

be to achieve the best possible performance for investors, not the smallest possible tracking error”

(page 162). Johnson et al. (2013) also argue that for long-term long-only investors, average tracking

difference is the more appropriate measure but point out that investors who have a mandate to

closely track an index, who short sell the ETF to express a market opinion or to hedge exposure,

or otherwise use the ETF for hedging or risk management purposes may find tracking error to be

a more valuable metric. For all of the ETFs we investigate, the stated goal of the fund manager is

to minimize tracking error between the return of the ETF’s NAV relative to the benchmark, rather

than achieve positive returns relative to the benchmark (positive tracking difference).

Our final research question concerns the dynamics of Tracking Error, the volatility of tracking

differences. Due to the dominance of TEA over TEM , we focus our attention on TDA. Because

TDA is a function of only the ETF price and NAV, and not the benchmark, we are able to expand

our dataset by including previously excluded roll dates and test for the effect of rolling on these

dates. Additionally, because the benchmark is not included in the analysis, USO is now evaluated

for the same time period as the other ETFs (January 2012 to July 2020). This allows us to capture

USO TDA during the volatility brought about by the COVID-19 pandemic. Updated summary
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Figure 6: Squared Non-systematic TDA

statistics can be found in the Appendix.

5 Modeling Tracking Error

Several previous studies have identified tracking error as being non-constant (Johnson et al. (2013);

Perera, Bialkowski, and Bohl (2018); Qadan and Yagil (2012)). They find that the volatility of

Tracking Differences changes over time, with periods of relatively high and low variance. This has

implications for investors, as tracking performance changes over time. We begin by examining the

residuals of the Arbitrage Mincer-Zarnowitz equation, Equation 8. Figure 6 shows the squared

residuals. The variation in the residuals appears to change over time, with periods of high and

low variation grouped together. Figure 7 shows the ACF plots for squared non-systematic TDA.

Autocorrelation in squared residuals indicates that there is a relationship in volatility from one time

period to the next. In each ETF, there is is significant autocorrelation in the squared residuals

for multiple lag periods. Together, these visualizations suggest that the variance of the tracking

differences, TE, studied is likely non-constant overtime. We formality test this by utilizing the

Ljung-Box Procedure on 20 lag periods, the results of which are presented in Table 8 (Ljung and

Box, 1978). For each ETF, we find evidence of autocorrelation in the squared residuals, further

supporting the presence of heteroskedaticy of residuals.
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Figure 7: ACF Plot of Squared Non-systematic TDA

Table 8: Ljung-Box Test Results

x2 P-value

CORN 652.6 < 0.01
SOYB 665.4 < 0.01
WEAT 1561.4 < 0.01
USO 584.5 < 0.01
UGA 1673.4 < 0.01
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The presence of autocorrelation in the residuals of the Arbitrage Mincer-Zarnowitz regression

implies a violation of the linear regression assumption of homoskedasticity in residuals (Wooldridge,

2013). To overcome this issue and better model variation in volatility, Engle (1982) proposed an

approach wherein conditional variance is modeled as a linear function of previous residuals: the

Autoregressive Conditional Heteroskedasticity (ARCH) model. The Generalized ARCH (GARCH)

model developed by Bollerslev (1986) is a generalized extension of the ARCH model developed

by Engle. The difference between these two models is analogous to the difference between an

Autoregressive (AR) model and an Autoregressive Moving Average (ARMA) model wherein a

GARCH model is able to more flexibly capture volatility clustering by including the previous

estimation for conditional variance in the model (Bollerslev, 1986).

The Mincer-Zarnowitz Equation defined in Equation 8 can be extended to include a general

form of the GARCH(p, q) model is as follows:

RE
t = α+ βRN

t + εTDA
t

εTDA
t | ψt−1 ∼ N(0, ht)

ht =ω +

q∑
i=1

γiε
TDA2
t−i +

p∑
j=1

δjht−j

(12)

where p is greater than or equal to zero, q and ω are strictly positive, and γi and δi are greater

than or equal to zero. The conditional variance ht is thus a function of some constant ω, q lags of

the squared residuals, and p lags of the previous estimates of conditional variance h. ψt−1 is the

information set at day t − 1, in our case the previous residuals and the previous estimations for

conditional variance.

While the original GARCH model assumes a normal distribution given an information set,

other distributions can be used. Bollerslev (1987) proposed an extension of the GARCH model

using a t-distribution to better capture changes in speculative asset prices. Where p = q = 1, the

specification is as follows

RE
t = α+ βRN

t + εTDA
t

εTDA
t | ψt−1 ∼ T (0, ht, υ)

ht = ω + γεTDA2
t−1 + δht−1

(13)

where υ is the fitted degrees of freedom for the t-distribution and Γ is the Gamma Function.

Examining the fitted distribution degrees of freedom (υ) yields information regarding the relative

thickness of the distribution’s tails. The smaller the υ estimate, the fatter the distribution’s tails.

The t-distribution approached the normal distribution as υ approaches infinity.

Ramos (2015) conducted a model comparison study of tracking differences in several developed

and emerging market ETFs, finding that using a student-t distribution improves model fit compared

to a normal distribution in the large majority of cases. We find that utilizing a t-distribution

improves model fit for the ETFs studied.
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GARCH models can also be expanded to include external variables which may explain changes

in volatility. We include two variables. The first is the volatility of the ETF. The volatility of

the ETF is perhaps the external variable which is most supported by previous empirical work,

(see Aber et al., 2009; Shin and Soydemir, 2010; Lin and Chou, 2006; Fassas, 2015, for example).

The economic motivation for including roll dates when modelling TEA is that the arbitrage process

becomes more difficult when markets move swiftly. Following the methodology common throughout

literature (for example Shin and Soydemir (2010) and Aber et al. (2009)), we defined ETF volatility

(σ) as the scaled intraday range of ETF prices as shown in Equation 14.

σt =
HighETF

t − LowETF
t

CloseETF
t

(14)

The other variable included in the model is an indicator variable for roll dates, defined in

Equation 15. Roll periods are a unique issue to futures-backed ETFs, commodity or otherwise.

The motivation for including roll dates in modeling TEA comes from analysis of the Creation and

Redemption process. During the roll period, the Authorized Participant faces greater-than-normal

uncertainty as to what the ETF manager will require or provide in exchange for ETF shares.

Thus the Authorized Participant may be less willing to create or redeem shares during this period,

increasing the volatility of TDA by making is less attractive to keep the two prices aligned.

Roll Datet =

1 if t = Roll Date

0 Otherwise
(15)

As discussed in the data section, rolling happens on a fixed schedule which varies across ETFs.

While USO and UGA roll every month, CORN, SOYB, and WEAT roll just five times per year.

The length of the roll period also varies across commodities with SOYB and UGA having single

day roll periods, WEAT having 1-3 day roll periods, and CORN and USO having multiple day roll

periods.

6 Model Results

Table 9 displays the model results for the base (no external regressors) and full (with external

regressors) GARCH model specifications. Expanding the dataset to include roll dates (and other

periods in the case of USO) does not significantly change the coefficient estimates for α and β. As

in the original Mincer-Zarnowitz analysis, none of the α coefficients are statistically significantly.

Additionally the β coefficients are all similiar, with CORN, USO, and UGA having β coefficients

statistically different than one.

In all models, the γ and δ coefficients are significant, indicating that the GARCH model does

explain some of the variation in volatility. Adding the two external regressors improves model

fit based on the Akaike information criteria (AIC) for all ETFs with the exception of WEAT.

In line with previous research, we find that the volatility of the ETF is a statistically significant
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contributor the volatility of residuals for CORN, SOYB, WEAT, and UGA. The positive coefficient

values indicate that as the volatility of the ETF increases, so does TEA.

We find no evidence that roll days (ξ) significantly effect TEA in any of the ETFs studied.

This lack of evidence is interesting given the uncertainty for the Authorized Participant around roll

periods. To our knowledge, no other research has investigated this phenomenon.

Figure 8 plots the conditional variance estimates over time. SOYB and WEAT experienced

significantly higher TEA in 2012-2014. Two potential reasons for this decline is the volatility in the

agricultural markets experienced at the beginning of the sample period, and the small AUM size of

these ETFs during that time period. This size effect has been noted by Dorfleitner, Gerl, and Gerer

(2018) and Chu (2011). The large spike seen in USO and UGA is associated with volatility in the

energy markets due to the COVID-19 pandemic. On April 20, 2020, the May 2020 WTI crude oil

contract reached a low of -$37.63. Though USO did not hold this contract at the time, there was

significant issues with the ETF, prompting the fund managers to change the ETF benchmark and

eventually complete a 8-1 reverse -split on April 28, 2020 (USCF, 2020). This may have contributed

to additional TEA above what would solely been expected due to volatility. It is also interesting

to note that the agricultural ETFs seem to have also experienced higher-than-average TEA at this

time, despite not necessarily experiencing increased market volatility due to the pandemic.

The fitted values for υ give some indication of the fattness of the distributions tails. Based on

their smaller υ values, SOYB, USO, and UGA have fatter tails that CORN and WEAT. All ETFs

have significantly fatter tails than a normal distribution. This is further evidence that the Student

t-distribution is preferable when modelling Tracking Error compared to a Normal distribution.

Overall, the results of our model are largely in line with previous research with respect to

volatility being a contributor to TE. Our results further highlight the need to incorporate the

time-varying nature and non-normality when analyzing Tracking Errors. These attributes have

important implications when modeling.
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Figure 8: Estimated Conditional Variance for Base and Full GARCH Models
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7 Conclusions

We investigated the tracking divergence in five of the most popular futures-backed commodity

ETFs. By decomposing total tracking differences, we are able to properly identify the relative

contributions to tracking differences of the ETF managers and the arbitrage process. Our research

offers three contributions to the research base.

The first key contribution is our findings on the relative size of Managerial and Arbitrage Track-

ing Difference. Because of the difficulty in reconstructing asset baskets and the relative nichness

of futures-backed commodity ETFs, no papers, to our knowledge, investigate Managerial Tracking

Differences for these ETFs with the exception of Neff and Isengildina-Massa (2018). Contrary to

previous literature investigating equity ETFs, we find that for all of the ETFs studied, managers do

a relatively good job of keeping the NAV inline with the benchmark asset basket compared to the

Creation and Redemption process. For the Agricultural ETFs (CORN, SOYB, and WEAT), very

rarely does daily managerial tracking difference exceed 10 basis points. For the Energy ETFs (USO

and UGA), the performance is even better, with daily managerial tracking differences generally less

than 3 basis points. The differences between ETF Price and NAV are significantly greater for all

of the ETFs studied.

The second contribution is our analysis of average tracking differences, applying the Mincer-

Zarnowitz technique to the decomposition of total tracking differences to gain insights. We find

that for CORN, SOYB, and WEAT, there is a negative average difference between the return of

the NAV and the benchmark, likely due in part to the large stated expense ratio of the fund. For

CORN, USO, and UGA, we find that the variation in NAV is not transferred completely to the

ETF price: the volatility of the ETF is lower than the volatility of the NAV. This is especially true

for USO and UGA.

Our third contribution to the research body is the findings related to the dynamics of Tracking

Error: the volatility of tracking differences. We focus on the Tracking Error attributable to the

Arbitrage process. As in previous studies, we find support that tracking error is non-constant. We

test two external regressors: the volatility of the ETF and roll periods. Rolling periods are unique

to futures-backed ETFs and are understudied. We find no evidence of roll periods contributing to

changes in TEA. As in previous literature, we find evidence that the volatility of the ETF effects

TEA.

Overall, the findings of our research highlight the heterogeneity of tracking success amongst

ETFs, even a small subsection such as futures-backed commodity ETFs. ETF investors should be

aware of the issues that the ETFs have in achieving their primarily goal of replicating benchmark

exposure, especially in times of market volatility. Futhermore, our results indicate that any efforts to

improve the tracking ability of the five ETFs studied should focus on the Creation and Redemption

process, as that is the primary source of tracking divergence in all of the ETFs studied.
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Appendices

A Appendix

A.1 Creation Redemption Process

Simplified Creation and Redemption Process: Teucrium Funds (CORN, SOYB, WEAT) (Teucrium,

2020)

1. Irrevocable creation order placed by Authorized Participant (AP) before 1:15pm EST

2. End of Day (4:00pm EST): The Fund Sponsor sets the creation/redemption basket, determin-

ing the cash, cash equivalents, and/or commodity futures, including the maturities of those

cash equivalents, which can be exchanged for shares.

3. Purchase Settlement Date (Normally end of the following day): The AP transfers the Custo-

dian the ETF shares (creation basket) and receives the redemption basket (ETF shares).

Figure 9: Creation Redemption Process. Adapted from Gastineau (2010)
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A.2 Expanded Dataset Summary Statistics

Table 10: Updated ETF Price and NAV Summary Statistics inclusive of Roll Dates

Value CORN SOYB WEAT USO UGA

E
T

F

Min 11.67 13.34 4.86 2.13 8.90
Median 21.27 19.00 8.88 14.31 32.57
Mean 24.93 19.68 10.99 20.56 38.62
Max 52.67 28.85 25.35 42.01 65.71
Std Dev 10.26 3.47 5.76 11.18 14.12

N
A

V

Min 11.70 13.38 4.88 2.04 8.52
Median 21.26 19.00 8.88 14.30 32.60
Mean 24.93 19.68 10.98 20.56 38.62
Max 52.68 28.77 25.29 42.00 65.48
Std Dev 10.26 3.48 5.75 11.19 14.13

N 2,143 2,137 2,137 2,143 2,143

Table 11: Updated ETF and NAV Return Statistics inclusive of Roll Dates

Value CORN SOYB WEAT USO UGA

E
T

F

Min -7.26 -7.55 -6.53 -29.19 -25.29
Median -0.05 0.00 -0.14 0.03 0.00
Mean -0.06 -0.02 -0.07 -0.01 -0.04
Max 6.34 9.22 7.72 213.42 17.95
Std Dev 1.23 1.15 1.51 5.20 2.25

N
A

V

Min -6.19 -5.77 -5.96 -51.90 -26.52
Median -0.05 -0.01 -0.12 0.03 0.03
Mean -0.06 -0.02 -0.07 -0.01 -0.04
Max 6.59 4.54 6.82 213.12 19.30
Std Dev 1.23 1.03 1.44 5.37 2.43

N 2,142 2,136 2,136 2,142 2,142
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Table 12: TDA Expanded Dataset Summary Statistics

Value CORN SOYB WEAT USO UGA

T
D

a

Min -1.22 -7.90 -4.21 -22.97 -7.78
Median -4.10E-04 -6.00E-03 2.64E-03 -6.24E-03 8.53E-04
Mean 3.02E-05 1.18E-04 4.10E-04 -1.16E-04 -1.75E-04
Max 1.75 9.00 4.23 23.05 8.20
STD DEV 0.24 0.51 0.53 1.06 0.64
N 2142 2136 2136 1891 2142

33


