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Price Discovery in the United States Ethanol
Markets: A Dynamic Time Warping Approach

Dragan Miljkovic and Puneet Vatsa

We employ dynamic time warping, a nonparametric approach to examine price discovery in
three ethanol markets in the United States: Chicago, Omaha, and Stockton. Focusing on the
lead–lag relationships between ethanol spot prices and futures prices for ethanol, corn, and crude
oil, we show that these associations varied significantly across regions and over time, reflecting
the heterogeneity of market structures and the influence of both supply-side fundamentals and
energy market volatility. Our approach allows us to identify quick reversals in price leadership
across markets. The findings underscore the importance of tailoring policy and risk management
strategies to regional market conditions.
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Introduction

The principal objective of this study is to investigate price discovery across three regional ethanol
markets in the United States: Chicago, Omaha, and Stockton. Our approach rests on identifying
temporal relationships between regional spot prices and futures prices for ethanol, corn, and crude
oil. These markets are especially complex, as they bridge agricultural and energy commodities. The
interplay between crude oil prices and the United States corn ethanol market represents a complex
and evolving nexus of agricultural economics, renewable energy policy, and commodity market
dynamics. Ethanol, a biofuel derived primarily from corn in the United States, occupies a unique
space at the intersection of agricultural production and energy consumption. This dual role renders
the ethanol market especially sensitive to fluctuations in both agricultural conditions and energy
markets, as well as to federal and state-level regulatory frameworks.

Futures contracts serve as important instruments for price discovery and risk management,
offering participants the ability to hedge against price volatility and form expectations about future
prices (Ferris, 2005; Tomek and Robinson, 2014). Yet, the role of futures markets in stabilizing or
destabilizing prices remains contentious, especially as speculation may amplify volatility (De Jong,
Sonnemans, and Tuinstra, 2022). A foundational principle in finance suggests that futures prices
reflect information about the expected future spot price, adjusted for storage costs, interest rates,
and convenience yields (Pindyck, 2001). This suggests that spot markets respond to movements in
futures markets. Empirical studies have supported this view, suggesting that futures prices frequently
lead spot prices in the process of price formation (Garbade and Silber, 1983).
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However, the relationship is more nuanced than this simple causality implies. Futures markets
can exert influence when they are larger, more liquid, and more accessible to participants who are
not involved in the physical commodity trade. These features enable traders to act on expectations
without the burden of storage or delivery, allowing futures markets to quickly incorporate new
information. This can be particularly true in agricultural commodity markets, where dominant
producers might move futures prices strategically, shaping expectations, and influencing spot market
dynamics (Silvapulle and Moosa, 1999).

Conversely, there are cases where spot markets play the leading role. Some participants may
be excluded from futures trading due to regulatory, financial, or logistical constraints, leading
them to act directly in spot markets. Spot price movements, in these instances, can subsequently
drive changes in futures prices (Moosa, 1996). The interplay between the two markets is therefore
bidirectional, and the dominance of one over the other is often conditional on market structure,
liquidity, and the presence of arbitrage opportunities.

Lead–lag relationships between futures and spot prices can help understand price discovery,
as they indicate which market incorporates new information more rapidly. When futures prices
lead, it suggests that expectations about future conditions—such as supply shocks, policy changes,
or macroeconomic volatility—are first reflected in futures markets before influencing spot prices.
Conversely, when spot prices lead, it is possible that localized market dynamics or supply chain
conditions drive prices independently of broader expectations. Comparing lead–lag patterns across
Chicago, Omaha, and Stockton reveals how regional market structures and external dependencies
shape the flow of information. These patterns also shed light on how price discovery occurs and offer
practical insights for tailoring policy, regulation, and risk management to regional market conditions.

Past research has offered a variety of perspectives on futures-spot dynamics. For storable
commodities, Garbade and Silber (1983) laid the groundwork by demonstrating that the lead–lag
associations varied across markets. While certain commodities demonstrated a dominant role for
futures markets in the price discovery process, others exhibited leadership by spot markets. In many
cases, the relationship was characterized by bidirectional information flows. Subsequent studies
refined these insights using nonlinear models, time-varying parameters, and causality frameworks
(Silvapulle and Moosa, 1999; Bekiros and Diks, 2008; Palazzi, Meira, and Klotzle, 2022). For
instance, Silvapulle and Moosa (1999) showed that nonlinear tests revealed bidirectional causality
between oil futures and spot prices, in contrast to the unidirectional relationship found by linear
models. This suggests that traditional tools may underrepresent the true complexity of these
associations.

Building on this work, we employ dynamic time warping (DTW), a nonparametric technique
well-suited to capturing nonlinear, asynchronous, and time-varying lead–lag relationships between
time series. One of the main advantages of DTW is its ability to detect delayed reactions and quick
changes in lead–lag patterns, all without imposing assumptions about linearity, stationarity, or the
underlying data distribution. This approach offers methodological innovation and practical insights
for stakeholders involved in ethanol production, trading, and regulation; it directly addresses calls
for more advanced tools that better reflect the evolving and interconnected nature of commodity
pricing dynamics.

Our results reveal marked differences in the interconnectedness between futures prices (ethanol,
oil, and corn) and spot ethanol prices across the three markets. Moreover, the distance from major
corn-producing areas appears to have influenced the extent to which the supply side played a
more significant role in the price discovery process. Specifically, despite relatively thin ethanol
futures markets, futures prices fully dominated and led spot ethanol prices in Stockton, California.
In contrast, full interdependence—without an obvious lead or lag relationship—characterized the
Omaha, Nebraska, market, which lies within the Corn Belt and features strong regional demand
for ethanol from both refineries and feedlots for livestock and hogs. In addition, corn futures prices
tended to lead the Omaha ethanol rack price for most of the period, suggesting the dominance of
supply-side factors and their volatility in shaping this relationship.
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On the other hand, the Chicago, Illinois, ethanol rack price led the corn futures price during
the relatively stable agricultural commodity markets between 2014 and early 2020, implying that
volatility in energy markets—both ethanol and oil—was a more significant driver of the relationship.
This interpretation is reinforced by the observation that WTI oil futures prices led the Chicago
ethanol rack price for most of the sample period. We observe frequent shifts in lead–lag relationships
between futures and spot prices across markets, reflecting local, time-specific market conditions.
Identifying such shifts offers actionable insights for traders, risk managers, and policymakers,
enabling more timely and informed responses to evolving market dynamics.

The United States Ethanol Industry and Markets

The expansion of the US ethanol industry in the twenty-first century has been marked by substantial
growth, driven largely by policy incentives and market conditions. Ethanol production increased
from approximately 1.6 billion gallons in 2000 to over 16 billion gallons in 2024, peaking in
2019. Total production capacity, however, continued to rise beyond actual output, reaching over 18
billion gallons in 2024 (US Energy Information Administration (EIA), 2025). This growth trajectory
was briefly disrupted by the 2012 Midwestern drought and the 2020 COVID-19 pandemic, which
caused temporary production downturns. The most significant period of expansion occurred between
2000 and 2010, catalyzed by policy interventions such as the Renewable Fuel Standard (RFS)
and mandates for oxygenated fuels. Since 2018, while total production has plateaued, efficiency
improvements at existing plants have allowed capacity to continue increasing, even in the absence
of new facility construction.

Ethanol production in the United States is heavily concentrated in the Midwest, particularly
in Petroleum Administration for Defense District (PADD) 2 (Miljkovic, Shaik, and Braun, 2012).
This concentration reflects the regional abundance of corn, which remains the primary feedstock for
domestic ethanol production. As of January 2023, approximately 93% of US ethanol production
capacity, equating to around 16.6 billion gallons annually, was in the Midwest (US Energy
Information Administration (EIA), 2025). The states of Iowa (27%), Nebraska (13%), and Illinois
(10%) collectively accounted for roughly half of the nation’s capacity. Some states, such as
Minnesota, also reported higher-than-average blending rates, with ethanol constituting 12.6% of
total fuel in 2021. On the West Coast, states like California emphasize ethanol consumption, largely
driven by environmental policy and goals to reduce greenhouse gas emissions.

The expansion of the ethanol industry has generated significant economic benefits for
agricultural producers, particularly corn farmers, by elevating demand and supporting commodity
prices. This, in turn, has stimulated economic activity in rural regions (Duffield, Johansson, and
Meyer, 2015). Beyond its agricultural implications, ethanol has become a central component of the
country’s environmental and energy policy, functioning as a major additive in motor fuel. Although
the industry’s growth has been facilitated by a range of factors, government policies such as the RFS
have been pivotal (Newes et al., 2022). However, the competitiveness of ethanol prices, especially
during 2002–2019, has also played a crucial role in shaping market expansion.

Understanding price discovery in ethanol markets as well as how ethanol prices relate to
those of corn and crude oil is therefore critical for producers, marketers, and policymakers.
These interdependencies influence investment decisions, regulatory responses, and the long-term
sustainability of the sector.

At the national level, the ethanol market exhibits characteristics of a competitive and
unconcentrated industry. According to the Federal Trade Commission (FTC), no single firm holds
dominant market power, and barriers to entry remain relatively low. The presence of idle plants that
can be restarted, alongside the potential for new plant construction, exerts a competitive constraint on
existing producers. Furthermore, imports—particularly of sugarcane-based ethanol from countries
like Brazil—enhance market competition and may limit the market power of domestic producers.
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Low input prices, particularly for corn and natural gas, have contributed to strong profit margins
and elevated production levels in recent years, despite increased competition. Although fuel and
fuel additives represent the largest share of ethanol applications, the industry also serves nonfuel
markets. Ethanol is used as an industrial solvent, a chemical intermediate, a disinfectant in personal
care products, and a key ingredient in hand sanitizers.

The RFS, enacted under the Clean Air Act and expanded by the Energy Independence
and Security Act (EISA) of 2007, remains a cornerstone of the United States’s biofuel policy.
Administered by the Environmental Protection Agency (EPA) in coordination with the Departments
of Energy and Agriculture, the RFS mandates the use of renewable fuels, including ethanol, in
transportation and other energy sectors. The program classifies renewable fuels into four categories:
biomass-based diesel, cellulosic biofuel, advanced biofuel, and total renewable fuel. The EISA
significantly expanded the RFS by increasing annual volume requirements through 2022 and
establishing specific criteria for qualifying fuels, including definitions of renewable biomass and
lifecycle greenhouse gas emissions. After 2022, the Clean Air Act granted the EPA the authority to
set renewable fuel volume targets through rulemaking. These targets are determined through multi-
faceted analyses that consider fuel prices, agricultural commodity impacts, food costs, job creation,
and rural development, among other factors.

In sum, the US corn ethanol market is shaped by a confluence of agricultural productivity, energy
pricing, technological development, and policy intervention. The sector’s future will likely depend
on ongoing regulatory decisions, feedstock availability, global energy trends, and environmental
priorities.

Data and Methodology

Data

In the United States, the Chicago Ethanol (Platts) Futures contract is considered the most
representative futures price for ethanol. It is traded on the Chicago Board of Trade (CBOT), which
is now part of the CME Group. There are three main reasons why the Platts futures contract is most
representative. First, it is the most liquid ethanol derivative in the United States. While its trading
volume may be lower than some other established futures markets, it serves as the benchmark for
ethanol price discovery in the US terminal markets. Second, the location of the market adds to its
importance; Chicago is considered representative of ethanol supply regions. Finally, ethanol futures
are available for trading on the CBOT. In this study, we consider three spot prices: the Chicago rack
price, the Omaha rack price, and the Stockton (California) rack price.

The Chicago rack ethanol price is important for several reasons. First, Chicago is a major hub
for ethanol production and distribution in the United States, situated at the center of the corn-
producing heartland. Second, Platts—a division of S&P Global Commodity Insights—publishes
the Chicago ethanol benchmark price, which is widely used in the industry for risk management and
as a settlement price for derivatives contracts. Third, market reports and analyses frequently refer to
the Chicago rack price as a key indicator of market conditions and trends.

The Omaha rack ethanol price is also a significant spot price, although for somewhat different
reasons. It serves as a key benchmark for ethanol pricing in the Midwest and is often cited in industry
reports to assess trends and economic conditions within the ethanol sector. This includes monitoring
profitability and evaluating the impact of input prices like corn. Additionally, important rack prices
such as Omaha’s (or Chicago’s) influence wholesale fuel pricing, which in turn affects retail fuel
prices.

The Stockton, California, rack ethanol price is important for still other reasons. California is the
largest fuel market in the United States, and there is a strong drive to increase the use of renewable
fuels like ethanol to reduce emissions and meet goals related to greenhouse gas emissions. The Port
of Stockton has good access to water, rail, and road transportation, making it a suitable location for
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Figure 1. Data Plot of the Futures and Spot Price Series Used in the Analysis
Notes: Corn futures prices are expressed in US dollars per bushel. All other prices are reported in US dollars per gallon.

Table 1. Summary Statistics (N = 521)
Crude Oil

Futures (COF)
Ethanol

Swap (ES)
Corn Futures

(CF)
Chicago

Rack (CR)
Omaha

Rack (OR)
Stockton

Rack (SR)

Mean 1.49 1.74 4.45 1.79 1.84 2.12
Median 1.42 1.55 3.83 1.60 1.63 1.80
Standard deviation 0.45 0.47 1.24 0.47 0.50 0.58
Sample variance 0.20 0.22 1.53 0.23 0.25 0.34
Range 2.47 2.61 5.11 2.75 2.78 2.90
Minimum 0.40 0.84 3.08 0.95 1.11 1.20
Maximum 2.87 3.45 8.18 3.70 3.89 4.10

receiving and distributing ethanol. Next, the San Joaquin Valley, where Stockton is located, has a
large dairy cow population, creating a local market for ethanol co-products like wet distiller’s grains.
Finally, Eco-Energy has built an ethanol distribution terminal in Stockton, specifically to improve
the supply chain and access to ethanol in the Northern California market.

Weekly data for these three ethanol wholesale spot prices and the nearby futures ethanol price in
USD per gallon were collected for the period from June 27, 2014, through June 12, 2024. Detailed
information on the spot prices is available from Ethanol Kinder Morgan Chicago and the futures
from Chicago Ethanol (Platts) Swap. Historical information on local or regional ethanol markets
is generally unavailable before June 2014. The Oil Price Information Service, a privately owned
company, provides coverage of Stockton and other regional unbranded rack pricing and maintains
a database of historical price information. However, to ensure consistency in data collection and
reporting across different ethanol markets, we limited our analysis to data beginning in June 2014.
The data for weekly nearby futures oil and corn prices were sourced from the Bloomberg L.P. and
Chicago Board of Trade, respectively. For crude oil, the West Texas Intermediate price in US dollars
per barrel was used. To facilitate comparison with other series, we have expressed it in US dollars
per gallon (Figure 1). A standard barrel of crude oil is 42 gallons. US No. 2 yellow prices, expressed
in US dollars per metric ton, were used for corn. Table 1 presents summary statistics.
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Figure 1 shows that the Stockton ethanol rack price has consistently been higher than the Chicago
and Omaha rack prices. As noted earlier, this likely reflects the proximity of corn production and
the concentration of large ethanol-producing facilities in the Midwest, particularly in Illinois and
Nebraska, which lowers production costs and contributes to more competitive pricing in Chicago
and Omaha compared to California. The Chicago and Omaha rack prices also appear to track the
ethanol swap price more closely than Stockton does. In contrast, the Stockton rack price seems to
align more closely with corn futures, suggesting a different pricing dynamic. Finally, while corn and
oil futures exhibit distinct patterns, the ethanol swap and rack prices appear to lead or lag the other
at different times. These preliminary observations clearly warrant deeper investigation, consistent
with the analytical approach we have outlined.

Methodology

DTW is a nonparametric machine learning technique for pattern recognition and is particularly
effective in contexts with irregular sampling and nonlinear dynamics, which are common features
of economic data influenced by external shocks. By allowing local shifts along the time axis, DTW
measures similarity between time series despite differences in timing or speed. This adaptability
enables it to capture complex temporal patterns, including changing lead–lag relationships, without
relying on fixed time alignment across series.

DTW offers a complementary perspective on price discovery, revealing temporal patterns
that traditional methods have not uncovered. Approaches such as cointegration and vector error
correction models identify long-run equilibrium relationships and indicate which market adjusts
to deviations from that equilibrium, while Granger causality tests assess whether lagged values of
one series improve forecasts of another (Schroeder and Goodwin, 1991; Schwarz and Szakmary,
1994; Zhang and Wei, 2010). Price discovery has also been analyzed extensively using the dynamic
connectedness framework (Diebold and Yilmaz, 2012; Diebold and Yılmaz, 2014), which measures
how shocks in one market contribute to forecast error variances in others, offering a time-varying
view of aggregate interdependence (Scarcioffolo and Etienne, 2019; Sehgal, Sobti, and Diesting,
2021; Balli, O Balli, and Nguyen, 2023; Mishra et al., 2023). Similarly, Shannon transfer entropy, an
information-theoretic approach, captures the direction and magnitude of information flow between
markets but does so over the full sample period, without distinguishing between transient or short-
term effects (Miljkovic and Vatsa, 2025). In contrast, DTW captures the temporal dynamics of
price discovery, identifying when one market leads or lags another, how frequently leadership roles
reverse, and whether lead–lag durations evolve over time.

DTW aligns time series by flexibly warping the time axis to match patterns, even when similar
movements occur at different points in time. This makes it especially effective in volatile and
thinly traded markets like ethanol, where prices may respond with lags or abrupt shifts due to
supply shocks, policy changes, or seasonality. Traditional models typically summarize lead–lag
relationships with a single coefficient or fixed time window, which can obscure temporal variation
and misrepresent the evolving nature of price discovery. DTW, in contrast, produces a detailed map
of these relationships across the sample, revealing whether, when, and the extent to which market
dominance shifts. Its path-dependent normalization enhances robustness to structural irregularities
and temporal shifts, while its nonparametric design avoids assumptions about linearity, stationarity,
or data distribution. Recent studies have successfully applied DTW to uncover price discovery
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dynamics in agricultural and energy markets that conventional tools missed (Miljkovic, Vatsa, and
Olson, 2026; Shi, Deng, and Guo, 2025; Vatsa, Miljkovic, and Miljkovic, 2024).1

Let p1 and p2 denote two price sequences of equal length T :

p1 = p1,1,p1,2, . . . , p1,T ;(1)

p2 = p2,1,p2,2, . . . , p2,T .(2)

The DTW algorithm constructs a cumulative distance matrix, DT×T , where each element D(i, j)
represents the minimum cumulative alignment cost between the two sequences up to indices i and
j. This can be computed as

D (1,1) = d1,1 ,(3)

D (1, j) = d1, j + D (1, j − 1) for j = 2, . . . , T ,(4)

D (i,1) = di,1 + D (i − 1,1) for i = 2, . . . , T ,(5)

D (i, j) = di, j + min {D (i − 1, j − 1) , D (i − 1, j) , D (i, j − 1)} for i, j = 2, . . . , T ,(6)

where di, j =

√(
p1, i − p2, j

)2
represents the Euclidian distance between two data points, p1, i and

p2, j for i ∈ (1, . . . , T ) and j ∈ (1, . . . , T ). This recursive formulation allows DTW to flexibly align
sequences even when they are temporally misaligned, making it particularly well-suited for detecting
lead–lag relationships in price series that may not follow a fixed temporal pattern.

DTW seeks to identify an optimal alignment between p1 and p2 by constructing a warping path,
W = w1, w2, . . . , wK for k = 1, . . . , K . The warping path begins at the lower-left corner of the
cumulative cost matrix, D (1,1) , and terminates at the upper-right corner, D(T,T ). Each element
D(i, j) in this matrix represents the cumulative cost of aligning point iin sequence p1 with point j in
p2. While multiple warping paths may exist, the goal of DTW is to determine the one that minimizes
the total alignment cost, defined as

(7) DTW
(
p1, i , p2, j

)
= argminW=w1, ..., wK

√√√ K∑
k=1,wk=(i, j )

(p1, i − p2, j )2 .

A diagonal warping path suggests the absence of a lead–lag relationship, while deviations from the
diagonal indicate its presence.

Ratanamahatana and Keogh (2004) have proposed several constraints to this algorithm to speed
up the computations and enhance accuracy. One widely adopted constraint is the Sakoe–Chiba
(1978) band, which restricts the warping path to a fixed window of radius r around the diagonal,
with ‖i − j‖ ≤ r for every wk . We have performed the analysis using the R package dtw developed
by Giorgino (2009).

1 While DTW offers considerable advantages in identifying similarities in temporal patterns, particularly in nonlinear
and nonstationary contexts, its limitations should also be acknowledged for a balanced methodological assessment. A
central limitation lies in its noncausal nature: DTW aligns time series based on shape similarity, allowing for flexible
temporal distortions without regard to directionality or structural dependence (Berndt and Clifford, 1994; Keogh and
Ratanamahatana, 2005). This contrasts with econometric approaches such as cointegration analysis, which explicitly model
long-run equilibrium relationships and offer interpretable parameters rooted in stochastic theory (Engle and Granger, 1987).
Consequently, DTW does not facilitate causal inference or parameter estimation. Furthermore, because DTW emphasizes
proximity in shape rather than underlying data-generating processes, there is an inherent risk of identifying spurious
alignments between unrelated series (Lines and Bagnall, 2015). Additionally, the application of constraints on the DTW
path, such as the Sakoe–Chiba band, warrants more explicit discussion. Unconstrained DTW permits excessive warping,
which may result in temporally implausible alignments, particularly problematic when analyzing economic series where lag
structures often have theoretical significance (Sakoe and Chiba, 1978). Imposing constraints can reduce this risk by enforcing
locality in the alignment, and testing results across varying constraint widths is a common robustness check in time series
similarity studies. If results remain stable under constrained DTW, this strengthens the validity of the alignment; if not, it
raises concerns about overfitting or artificial similarity.



438 September 2026 Journal of Agricultural and Resource Economics

Results and Discussion

Figures 2–4 present the warping paths, with the corresponding temporal mappings shown in
Appendix Figures A2–A10. Figure 2 (and its Appendix counterparts) pertains to the Chicago ethanol
market, Figure 3 to the Omaha market, and Figure 4 to the Stockton market. To aid interpretation,
we begin by clarifying key features of DTW and how it compares two time series. In the temporal
mapping figures, the dotted lines connecting the series link points that are closest in correspondence,
based on DTW’s alignment. While in some cases these points fall within the same period, more
often, better alignment is achieved by matching points from earlier or later periods. These point-to-
point relationships can be interpreted as leading or lagging, depending on the presence of nonvertical
mappings. When leads or lags remain relatively stable across the sample, the connecting lines
maintain consistent angles and appear roughly parallel. In contrast, vertical mappings indicate no
temporal shift between the series. By comparison, Euclidean distance yields markedly different
results, as it restricts alignment to one-to-one point mappings. Ratanamahatana and Keogh (2004)
described Euclidean distance as a pessimistic dissimilarity measure, emphasizing that DTW offers
more intuitive and flexible comparisons.

To clarify further, DTW uses a nonparametric approach to measure similarity by aligning
two time series based on both their shape and timing (Vorpe et al., 2024). The warping paths in
Figures 2–4 are plotted on the distance matrix computed using the distance measure described in
Miljkovic and Vatsa (2023). Should the two series be synchronized throughout the sample period,
the warping path would be diagonal, connecting the bottom-left corner of the graph to its top right
corner. In contrast, deviations from the diagonal indicate leading and lagging relationships between
the series. A rightward deviation of the warping path from the diagonal suggests that the price on
the vertical axis leads the price on the horizontal axis. If the deviations are to the left of the diagonal,
then the price on the vertical axis lags the price on the horizontal axis.

Figures 2a and A2 describe the price discovery lead–lag relationship between the Chicago rack
price and ethanol futures price. Throughout the period from June 2014 until June 2024, we observe
intermittent shifts in the lead–lag relationship between the two price series. This pattern aligns with
relatively stable market conditions in ethanol markets, as the main expansion of the ethanol industry
was completed during the first decade of the 2000s. Hence, during the period under consideration,
short-term supply and demand shocks had only temporary effects. Consequently, futures and rack
ethanol prices tended to converge during this period. The futures and rack prices in the Chicago
market did not lead or lag the other for long periods.

Figures 2b and A3 show that crude oil futures prices led the Chicago ethanol rack price
throughout most of the sample, except during a brief period in July and August 2020, when ethanol
prices led. The direction of price discovery from oil futures to ethanol rack prices is consistent
with the market structure—as noted above, ethanol is primarily used in gasoline blending, and the
Chicago rack price serves as a national benchmark. The liquidity of oil futures markets enhances
their ability to serve a price discovery function (Garbade and Silber, 1983), and the increased
volatility during 2020–2024 further supports this leading role.

Figures 2c and A4 show that the Chicago ethanol rack price lagged corn futures prices from June
2014 until 2021. This period reflects relative stability in agricultural commodity markets and greater
uncertainty in energy markets, particularly oil and, by extension, ethanol. During this time, price
discovery appeared to flow from corn futures to ethanol rack prices, reflecting the ethanol market’s
growing role as a major consumer of corn. From 2021 until January 2024, corn futures prices lagged
the Chicago ethanol rack price. This period corresponds to widespread instability across energy
markets following the onset of the COVID-19 pandemic and the escalation of the Russia–Ukraine
conflict. The strong influence of oil futures on the Chicago ethanol rack price, as seen in Figures
2a and A2, may have contributed to ethanol rack prices leading corn futures during this time. In
2024, the ethanol rack price once again lagged corn futures prices as volatility in the oil market
subsided. On the other hand, for corn producers in the United States, 2024 was marked by instability
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(a) Ethanol Swap and Chicago Rack Price (b) Crude Oil Futures and Chicago Rack Price

(c) Corn Futures and Chicago Rack Price

Figure 2. Warping Path, Weekly, June 27, 2014–June 12, 2024

due to record-high yields coupled with declining market prices. A bumper crop led to oversupply
and falling prices, which eroded farm profitability and introduced significant volatility into the corn
market. Corn futures prices reflected this instability and, in turn, influenced the Chicago ethanol rack
price.

We now turn to the results for the Omaha ethanol market. As shown in Figures 3a and A5, the
Omaha ethanol rack price and the Chicago ethanol swap prices alternated in leading and lagging
one another throughout the sample period. These leads and lags were typically short in duration,
spanning 1–3 weeks, with no persistent direction of influence. This pattern is not unexpected, given
that Omaha operates as a large regional ethanol market. The intermittent lead–lag relationship
likely reflects local market dynamics, such as Nebraska- and Iowa-specific supply conditions,
transportation costs, or policy factors, that are not fully captured by the Chicago ethanol swap.
These regional determinants may explain the observed fluctuations in price leadership between the
futures and spot markets.

Figures 3b and A6 indicate that the Omaha ethanol rack price led the crude oil futures price
between approximately March 6, 2020, and February 18, 2022. Outside of this window—from
June 27, 2014, to March 5, 2020, and again from February 19, 2022, to June 12, 2024—crude oil
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(a) Ethanol Swap and Omaha Rack Price (b) Crude Oil Futures and Omaha Rack Price

(c) Corn Futures and Omaha Rack Price

Figure 3. Warping Path, Weekly, June 27, 2014–June 12, 2024

futures prices lead the Omaha ethanol rack price. The dominant position of the Omaha ethanol rack
price during the COVID-19 pandemic period suggests that this market remained relatively insulated,
with localized demand and a stable corn supply largely unaffected by international disruptions. In
contrast, during other periods, crude oil futures served as the benchmark in the price discovery
process, as global speculation and volatility influenced the Omaha ethanol market.

Figures 3c and A7 show that the Omaha ethanol rack price led the corn futures price between
approximately June 27, 2014, and September 12, 2014, and again from December 3, 2021, to
February 16, 2024. During the intervening period (i.e., between September 13, 2014, and December
2, 2021) and then after February 17, 2024, corn futures prices led the Omaha ethanol rack price.
As expected, a large regional supply of corn, along with speculation and volatility specific to corn
markets, influenced ethanol prices in the Omaha regional market through movements in corn futures
prices.

The results for the Stockton, California, ethanol market are presented in Figure 4. Figures 4a
and A8 show that, over the entire period from June 27, 2014, to June 12, 2024, the ethanol swap
price consistently led the Stockton rack price, with only a few short-lived in-between periods of
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(a) Ethanol Swap and Stockton Rack Price (b) Crude Oil Futures and Stockton Rack Price

(c) Corn Futures and Stockton Rack Price

Figure 4. Warping Path, Weekly, June 27, 2014–June 12, 2024

intermittent lead–lag relationship. Given the highly localized nature of the Stockton market, this is
an expected pattern in the price discovery process, where futures prices guide the local rack price.
Figures 4b and A9 reveal that the crude oil futures price led the Stockton rack price throughout most
of the period, except between March 20, 2020, and mid-April 2022. Again, since ethanol is primarily
used in gasoline blending, the leadership of the price of crude oil over the local ethanol price aligns
with expectations. However, during the COVID-19 pandemic, the Stockton ethanol price exhibited
relative independence from crude oil futures, possibly due to reduced gasoline consumption under
California’s stricter mobility restrictions. California’s leadership in clean energy adoption and its
relatively low dependence on oil, compared to other states, may also explain this divergence. Figures
4c and A10 show that the corn futures price led the Stockton rack price for most of the study period,
except between December 3, 2021, and February 9, 2024, when the ethanol rack price temporarily
led corn futures. As California is a net importer of corn, relying on supplies from other states,
primarily in the Midwest, volatility in corn markets tends to influence local ethanol production
and, consequently, prices. This likely explains why corn futures prices led Stockton ethanol prices
throughout most of the sample period.
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Concluding Remarks

We employed DTW to examine price discovery in US ethanol markets, focusing on regional rack
prices in the Chicago, Omaha, and Stockton markets and their relationships with futures prices for
ethanol, corn, and crude oil. The results revealed that the lead–lag associations varied significantly
across regions and over time, reflecting the heterogeneity of market structures and the influence of
both supply-side fundamentals and energy market volatility.

In the Chicago market, which functions as a national reference point, futures prices played a
dominant role in driving rack prices during periods of heightened energy market volatility, such as
the COVID-19 pandemic and the Russia–Ukraine war. However, during periods of relative stability
in agricultural markets, the Chicago ethanol rack price led corn futures prices. The Omaha market
exhibited a more nuanced, bidirectional lead–lag association, with neither rack nor futures prices
showing persistent dominance over the other; futures prices alternated between leading and lagging
rack prices on several occasions. Contrastingly, in Stockton, a regional market dependent on external
corn supply and with limited regional production, futures prices consistently led the rack price. This
suggests that in policy-sensitive regions dependent on imports, futures markets tend to hold sway in
price discovery.

These findings have important implications for policymakers and market participants. They
highlight that price discovery in ethanol markets is not uniform across regions or time. Traders,
producers, and regulators must recognize that the associations between futures and spot prices
depend on market structure, regulatory frameworks, and external shocks. Policymakers involved
in biofuel policy, energy regulation, or agricultural subsidies may utilize these results to understand
how different markets respond to futures signals. For example, in regions like California, where the
spot price closely followed futures prices, price regulation or policy shocks in related markets, such
as those of oil or corn, may propagate more rapidly to the retail level. In contrast, the localized
dynamics in Omaha and Stockton emphasize the importance of tailoring risk management and
pricing decisions to regional supply chains, demand structures, and logistical constraints. Because
Chicago is both a major corn market and a national benchmark for ethanol pricing, supply-side
shocks (e.g., weather-related disruptions) and resulting policy responses tend to transmit quickly
and strongly from corn futures to local ethanol prices. Similarly, demand-side shocks in the energy
sector and related markets, including livestock, can ripple through ethanol markets and influence
pricing. Overall, this research contributes to a more nuanced understanding of how prices are formed
across interconnected agricultural and energy markets and offers a framework for analyzing regional
variation in how prices respond to market forces and policy.

DTW highlights the episodes and periods during which futures and spot prices led, lagged, or
moved in tandem. Its strength lies in capturing even the most transient shifts in lead–lag relationships
between two series, drawing attention to historical events linked to these changes and the conditions
that may have triggered them. However, DTW does not offer a causal interpretation of the data. This
remains a limitation of the methodology. Rather, its value lies in identifying dynamic linkages,
providing empirical evidence that theoretical and structural models should aim to explain. We
hope the evidence presented in this study encourages future research to formally account for these
associations between spot and futures prices.

[First submitted July 2025; accepted for publication December 2025.]
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Appendix A: Temporal Mapping

DTW is particularly well-suited for smaller sample sizes, as its nonparametric nature imposes
no distributional assumptions or minimum data requirements for valid inference. Moreover, its
visual outputs are especially intuitive and interpretable when applied to shorter time series. Figure
A1 illustrates the temporal alignment between two series using a simplified example. Vertical
alignments in the mapping indicate periods of contemporaneity, where neither series leads or lags the
other. In contrast, diagonal or nonvertical alignments reveal lead–lag relationships. For instance, at
time points 24 and 25, the two series move contemporaneously. Before point 24, series x consistently
leads y, while after point 25, y leads x until the final observation, where they realign. This example
highlights not only the dynamic switching of lead–lag direction over time but also variation in the
magnitude of temporal displacement (i.e., how many periods one series leads or lags the other).
Such patterns suggest that prices in one market can exert influence over multiple periods in another,
underscoring the value of DTW in capturing complex, evolving interdependencies in price discovery.

Figure A1. An Illustration of Temporal Point Mapping

Figure A2. Temporal Point Mapping: Weekly Ethanol Swap (blue) and Chicago Rack Price
(magenta), June 27, 2014–June 12, 2024



446 September 2026 Journal of Agricultural and Resource Economics

Figure A3. Temporal Point Mapping: Weekly Crude Oil Futures (blue) and Chicago Rack
Price (magenta), June 27, 2014–June 12, 2024

Figure A4. Temporal Point Mapping: Weekly Corn Futures (blue) and Chicago Rack Price
(magenta), June 27, 2014–June 12, 2024

Figure A5. Temporal Point Mapping: Weekly Ethanol Swap (blue) and Omaha Rack Price
(magenta), June 27, 2014–June 12, 2024
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Figure A6. Temporal Point Mapping: Weekly Crude Oil Futures (blue) and Omaha Rack
Price (magenta), June 27, 2014–June 12, 2024

Figure A7. Temporal Point Mapping: Weekly Corn Futures (blue) and Omaha Rack Price
(magenta), June 27, 2014–June 12, 2024

Figure A8. Temporal Point Mapping: Weekly Ethanol Swap (blue) and Stockton Rack Price
(magenta), June 27, 2014–June 12, 2024
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Figure A9. Temporal Point Mapping: Weekly Crude Oil Futures (blue) and Stockton Rack
Price (magenta), June 27, 2014–June 12, 2024

Figure A10. Temporal Point Mapping: Weekly Corn Futures (blue) and Stockton Rack Price
(magenta), June 27, 2014–June 12, 2024
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