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This paper uses machine learning tools to study the lead-lag relations in commodity futures returns.  We use LASSO (Least 
Absolute Shrinkage and Selection Operator) to select the predictors because the number of predictors is large relative to the 
number of observations.  We find significant full-sample and out-of-sample predictability.  In the full sample, we find that LASSO 
can identify a sparse set of predictors that either come from economically linked commodities or from factors that are coincident 
with the period of “financialization” in the commodity markets.  The out-of-sample forecasts based on LASSO generate 
statistically and economically large gains.  When we use more complex machine learning models such as regression trees and 
neural networks to forecast commodity futures returns, the out-of-sample performance is worse than LASSO portfolios, 
suggesting that nonlinearities and interactions do not appear substantial in the data.  Finally, we find that index trading due to 
financialization has been associated with excess comovement among commodity futures.    
 
 

Introduction 
 
Commodity futures contracts are agreements to buy or sell a predetermined quantity of a commodity at 
a specified price on a particular date in the future.  Historically, commodity futures were primarily used 
by farmers, producers, and commodity merchandisers to lock in the price and reduce the risk of financial 
losses from price changes.  Over the past two decades, financial institutions such as hedge funds, swap 
dealers, and mutual funds have dramatically increased their exposure to commodities.  The advent of 
commodity futures Exchange-Traded Funds (ETFs) and Exchange-Traded Notes (ETNs) also gives individual 
investors easy access to commodity futures.  According to BarclayHedge, the assets under management 
for managed futures have grown from $95.7 billion to $318.4 billion from 2003 to 2019; managed futures 
programs, in turn, include the trading of both financial futures and physical commodity futures (Gupta 
and Wilkens, 2007).  The phenomenon of investor participation in physical commodity futures trading is 
called “financialization” by researchers (e.g., Tang and Xiong, 2012; Basak and Pavlova, 2016), and has 
received extensive attention from researchers and practitioners.  
 
This paper examines the predictability of commodity futures returns.  Specifically, we examine the lead-
lag relations in the commodity futures returns by predicting commodity futures returns with the 
commodity futures’ own lagged returns as well as other commodity futures’ lagged returns.  We focus on 
the post-financialization period (2004-2019) when commodity futures became a popular investment asset 
class, and futures markets became more liquid than before.  The inclusion of the broad set of lagged 
returns is motivated by the following arguments.  First, many futures have economic links that can drive 
the lead-lag relations among futures returns.  For instance, (a) heating oil is refined from crude oil so via 
the crack spreads, the lagged returns of crude oil futures would be tied to the returns of heating oil futures; 
(b) corn and soybean meal are the primary feeds for livestock such as pigs and cows, thus via the feed 
margins, the returns of corn and soybean futures would plausibly impact the returns of lean hogs and live 
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cattle futures at some stage of the production; and (c) crops such as corn and soybeans are used to 
produce biofuels, which are substitutes for fossil fuels such as crude oil, so crude oil futures prices would 
be expected to be related to grain futures prices.  Mensi et al. (2014) find significant spillovers among 
grain and energy commodity prices by studying the lead-lag relations of the returns and volatilities of 
these commodities.  Second, the increased trading activities by financial institutions and retail investors 
can either weaken or strengthen these effects, or even introduce new relations that are not driven by any 
economic links; for example, Till (2008) describes how seemingly unrelated commodities and financial 
instruments became (temporarily) very correlated during “risk off” episodes.  Unlike producers/merchants 
who use futures contracts to lock in the price of their products or inputs, these traders generally do not 
have physical exposure to the commodities but use commodity futures as investment tools, and thus are 
non-commercial traders.   
 
Some researchers have concluded that the proliferation of non-commercial trading may have caused price 
distortion and excessive price comovement, depending on the frequency of observation.  For example, 
Tang and Xiong (2012) find that since 2004 when financial institutions significantly increased their 
positions on commodity futures, the prices of non-energy commodity futures have become increasingly 
correlated with oil futures, and the correlations are stronger for commodities that are included in the 
broadly traded commodity indices than for non-indexed commodities.   
 
To provide an even balance of views, one must also note that there may be other explanations besides 
the proliferation of non-commercial futures traders for the increased correlations of oil futures with non-
energy commodity futures, which would include a broad-based increase in commodity demand from 
emerging economies (Cevik and Sedik, 2011).  Further, IEA (2011) states that “[a] … comparison of the 
non-exchange-traded commodity price index, as well as [the] crude oil price series, supports the notion 
that, starting in 2003 and more strongly after 2004, a demand shock pushed upward the price of most 
commodities.”  In addition, based on an examination of crude oil, natural gas, and corn futures markets, 
Brunetti et al. (2015) “find little evidence that speculators destabilize … markets.” 
 
Relevance of the Research Question 
 
This paper contributes to the existing literature in the following ways.  First, the majority of the literature, 
after financialization, studies the comovement among commodity futures in the context of 
contemporaneous relations rather than lead-lag relations.  Moreover, most papers regarding return 
predictability in commodity futures focus on the futures’ own past returns or other characteristics but 
ignore the cross-serial correlations.  As far as we can tell, this paper is the first to analyze the predictability 
of the lagged futures returns that allows each individual commodity futures’ return to respond to the 
lagged returns for all commodity futures, thereby accommodating a large dimension of commodity links, 
both direct and indirect.  Second, we use machine learning techniques to overcome the potential 
overfitting problem.  With a large number of predictors, OLS (ordinary least squares) estimation is subject 
to overfitting.  Third, we find that incorporating the lagged returns of commodity futures can help to 
forecast the returns for individual commodity futures and construct profitable trading strategies.  The 
performance of the long-only futures indices has been lackluster in the last decade.  By contrast, the 
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actively constructed single-sort or timing strategies based on LASSO generate both statistically and 
economically large out-of-sample returns. 
 
Data and Methodology 
 
We study 27 commodity futures that are traded actively in the U.S.  The data are collected from 
Bloomberg.  The 27 commodity futures cover five main sectors, namely, grains, softs, livestock, energy, 
and metals.  There are 8 grains futures, 7 softs futures, 3 livestock futures, 4 energy futures, and 5 metals 
futures in the sample.  The sample period is from January 2004 to December 2019. 
 
The main methodology used to forecast commodity futures returns is LASSO (Least Absolute Shrinkage 
and Selection Operator), as proposed by Tibshirani (1996).  The reason why we use LASSO is that the 
number of predictors is large compared with the number of observations used to fit the model.  With a 
large number of predictors, OLS model causes overfitting, which means it reduces the in-sample mean 
squared error but often results in a large out-of-sample mean squared error.  LASSO selects a subset of 
predictors and thus reduces overfitting.  We use the corrected Akaike information criterion (AICC) to select 
the shrinkage parameter in LASSO.  We use OLS to estimate the coefficients for the predictors selected by 
LASSO (OLS post-LASSO) since LASSO can overshrink the magnitudes of the coefficients for the selected 
predictors (Efron et al., 2004).  Our main benchmark forecast models are OLS that include all the lagged 
returns as predictors and prevailing mean, which is the moving average of the commodity futures returns 
during the estimation window. 
 
In the in-sample analysis, we use the full sample to estimate the OLS post-LASSO regression.  In the out-
of-sample analysis, we run a 60-month rolling LASSO regression and calculate the one-step ahead out-of-
sample return forecast.  To evaluate the out-of-sample forecast performance, we construct two trading 
strategies, one is a single-sort portfolio, in which we form equally-weighted portfolios using the five 
commodities with the highest forecasted returns and the five commodity futures with the lowest 
forecasted returns.  We then calculate the return differences between the two portfolios.  The other 
strategy is a moving-average timing portfolio; that is, we establish a long position if its forecasted return 
is positive and a short position if its forecasted return is negative, then form an equally-weighted portfolio 
of all the positions.  There are two versions of LASSO models in the out-of-sample analyses:  they are 
LASSO that excludes any futures that do not have any lagged returns selected by the LASSO, and LASSO 
(All) that includes all contracts including those without any predictors. 
 
To test whether financialization has been associated with the excess comovement among commodity 
futures, we have both in-sample tests and out-of-sample tests.  In the in-sample test, we create a dummy 
variable that is equal to 1 when the commodity futures are members of indices and when the date is after 
the inception of three ETF or ETN products (September 2006) that track the returns of the Bloomberg 
Commodity Index (BCOM) or the S&P Goldman Sachs Commodity Index (GSCI); otherwise, the dummy 
variable is set to 0.  We then add the dummy as well as its interaction with all the lagged returns as the 
additional predictors and run the OLS post-LASSO regression using the full sample.  In the out-of-sample 
test, we classify the commodity futures included in both the BCOM and GSCI as indexed futures, and those 
included neither in the BCOM nor GSCI index as non-indexed futures.  There are 16 indexed futures and 7 
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non-indexed futures.  We then reconstruct the single sort and timing portfolios using the 16 indexed 
futures or the 7 non-indexed futures.  We also test the lead-lag relations and construct single-sort and 
timing portfolios using data during 1970-2003, which is before the financialization period. 
 
Main Results 
 
The LASSO single-sort portfolio has an annualized mean return of 15.15%, which is more than eight times 
the mean return of the prevailing mean portfolio (1.78%).  The annualized Sharpe ratio of this LASSO 
portfolio is also much higher than those of the two benchmark portfolios, 0.93 versus 0.10 (prevailing 
mean) and -0.21 (OLS).  The LASSO timing portfolio yields an average excess return of 6.15% per year and 
a Sharpe ratio of 0.72.  In contrast, the prevailing mean timing portfolio generates an annual return of 
only 1.80%, and the OLS timing portfolio generates an even smaller average return that is less than 1%.  
Overall, the results show that lagged returns contain predictability for the cross-section of commodity 
futures returns and LASSO helps to identify important predictors.  The above results are robust to 
transaction costs, an alternative number of lagged returns, seasonality, and different machine learning 
models such as elastic net. 
 
When we interact the ETF inception dummy with lagged returns for the whole sample, at least one lagged 
commodity futures return is selected for 14 of the 16 indexed futures.  In addition, 10 out of the 14 futures 
have interactions of the ETF inception dummy with lagged returns as selected effects, and the hypothesis 
that the interactions are all equal to 0 is rejected for all the 10 futures.  When we use indexed-only futures 
to run the lead-lag predictive regressions and construct portfolios, the LASSO portfolio generates 
economically and statistically significant out-of-sample returns in both the single-sort and timing 
strategies.  However, when we use the non-indexed futures to run the lead-lag predictive regressions, the 
LASSO portfolio no longer generates any significant out-of-sample returns.  In addition, when we examine 
the lead lag relations from 1970-2003, the two LASSO portfolios do not generate significant out-of-sample 
returns.   
 
Conclusions  
 
In this paper, we exploit the lead-lag relations in the commodity futures returns via machine learning tools 
(mainly LASSO) to analyze return predictability in commodity futures markets.  The portfolio analysis 
reveals that the LASSO strategies outperform the well-known OLS and historical moving average by 
generating statistically and economically larger excess returns.  We find that LASSO strategies perform 
well after the financialization period but not before financialization.  When we separate the indexed 
futures from the non-indexed futures, we find that LASSO strategies only work in the basket of indexed 
futures.  Moreover, the lead-lag relations are stronger after the advent of ETFs or ETNs that track the 
broad futures indices such as the GSCI and BCOM indices.  Overall, our results suggest that lagged returns 
contain valuable information to predict futures returns and that machine learning is a useful and effective 
tool to increase out-of-sample predictability. 
 
 

 
 



The Lead-lag Relations in the Commodity Futures Returns:   
A Machine Learning Approach 

 
bayes-cid.com | Summer 2023 |               Commodity Insights Digest 

 

41 

Endnote 
 
Dr. Kong presented on this topic at the J.P. Morgan Center for Commodities’ 5th Annual International Symposium at the 
University of Colorado Denver Business School on August 15, 2022. 
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