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Abstract: This study extends previous work applying unsupervised machine learning to commodity
markets. The first article in this sequence examined returns and volatility in commodity markets.
The clustering of these time series supported the conventional ontology of commodity markets for
precious metals, base metals, agricultural commodities, and crude oil and refined fuels. A second
article used temporal clustering to identify critical periods in the trading of crude oil, gasoline, and
diesel. This study combines the ontological clustering of financial time series with the temporal
clustering of the matrix transpose. Ontological clustering, contingent upon the identification of
structural breaks and other critical periods within financial time series, is this study’s distinctive
contribution. Conditional, time-variant ontological clustering should be applicable to any set of
related time series, in finance and beyond.

Keywords: unsupervised machine learning; clustering; financial time series; commodities; energy;
fossil fuels

The sea is the land’s edge also, the granite

Into which it reaches, the beaches where it tosses

Its hints of earlier and other creation:

The starfish, the horseshoe crab, the whale’s backbone;
The pools where it offers to our curiosity

The more delicate algae and the sea anemone.

T.S. Eliot, “The Dry Salvages”, Four Quartets (1943) [1] (p. 36)

1. Introduction

This paper extends previous work using unsupervised machine learning to evaluate
commodity markets. “Clustering Commodity Markets in Space and Time” examined
returns and volatility in commodity markets [2]. That paper supported the conventional
ontology of commodity markets for precious metals, base metals, agricultural commodities,
and crude oil and refined fuels. These groupings emerged from the application of clustering
methods and a nonlinear manifold to the matrices formed by the concatenation of daily
logarithmic returns for individual commodities or conditional volatility forecasts based on
a GARCH(1, 1, 1) process.

A sequel to [2], “A Pattern New in Every Moment,” used temporal clustering to iden-
tify critical periods in energy-related commodity markets [3]. That article applied a suite of
clustering methods to the transpose of the time-series matrix evaluated in [2]. The temporal
clustering of financial markets reveals market events that can be readily interpreted as
shifts in volatility, cumulative logarithmic returns, or both. As applied to energy-related

Eng. Proc. 2023, 39, 42. https://doi.org/10.3390/engproc2023039042

https:/ /www.mdpi.com/journal/engproc


https://doi.org/10.3390/engproc2023039042
https://doi.org/10.3390/engproc2023039042
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://orcid.org/0000-0001-9824-174X
https://orcid.org/0000-0002-4443-4498
https://doi.org/10.3390/engproc2023039042
https://www.mdpi.com/journal/engproc
https://www.mdpi.com/article/10.3390/engproc2023039042?type=check_update&version=1

Eng. Proc. 2023, 39, 42

2 0f 10

0.075

0.050

0.025

0.000

—0.025

—0.050

-0.075

0.00

—-0.05

—-0.10

-0.15

-0.20

-0.25

-0.30

0.100

0.075

0.050

0.025

0.000

—0.025

—0.050

commodities trading during the first two decades of the twenty-first century, temporal
clustering isolated critical periods associated with wars, terrorist attacks, comprehensive
economic crises, and other disruptions in energy supply or demand (Figure 1).
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Figure 1. Cumulative logarithmic returns during critical periods for four oil and fuel commodi-
ties (dotted colored lines), with cumulative log returns on precious metals (solid gray line) as a
benchmark [3] (p. 41).

This study proposes further elaborations in unsupervised machine learning. By com-
bining the ontological (or spatial) approach to clustering of [2] with the temporal approach
of [3], this study makes its own distinctive contribution to the application of unsupervised
machine learning to financial time series. Ontological clustering, conditioned upon the
identification of structural breaks and other critical periods, should reveal information
about co-movement among asset classes and discrete assets as markets shift between
normal and extraordinary states. By focusing on critical periods identified by temporal
clustering, this study’s novel hybrid clustering method reveals the extent, if any, to which
the unconditional spatial ontology among financial assets changes under economic stress.

Together with its predecessor articles, this study expands the machine-learning toolkit
for time-series analysis to three methods: (1) ontological clustering, (2) temporal clustering,
and (3) the new hybrid method of conditional, time-variant ontological clustering. In
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principle, all three methods can be applied to any time series, in finance and beyond.
Indeed, future research applying unsupervised machine learning may address forecasting
tasks involving meteorology, air quality, and other environmental sciences.

This study contemplates the application of time-variant ontological clustering to
markets for crude and refined fossil fuels as well as related commodities. Energy-related
commodity markets are affected not only by background macroeconomic events, but also
by events specific to energy markets. Shocks to supply should be distinguished from shocks
to demand. Co-movement in prices for crude oil and refined fuel is asymmetrical insofar
as these markets respond differently to rising and falling prices. Finally, biofuel demand
affects markets for agricultural commodities that can provide human food or animal feed
in addition to serving as biofuel feedstocks.

2. Materials and Methods
2.1. Materials

This study marshals market data across a variety of commodity markets, ranging
from markets for crude oil, natural gas, and refined fuels to agricultural commodities
and precious and base metals. Agricultural commodities are both substitutes for and
complements to fossil fuels. Precious and base metals track inflation, consumer demand,
and other macroeconomic conditions.

Raw energy commodities: crude oil (Cushing and Brent) and natural gas;
Refined energy commodities: gasoline, diesel/gasoil, and heating oil;
Agricultural commodities: corn, soybeans, and sugar;

Precious metals: gold, silver, platinum, and palladium;

Base metals: copper, tin, nickel, and aluminum.

These five categories comprise 17 distinct commodity markets. Those 17 markets,
in turn, are divided between six energy-specific markets and 11 commodity markets not
typically regarded as energy-related. Data used in this study were drawn from Datastream
and the United States Energy Information Administration. The data cover the period from
2000 to 2022.

Different combinations among commodity markets advance different research objec-
tives. For instance, their traditional contribution to portfolio hedging and diversification
enables precious metals to serve as a control variable for certain macroeconomic conditions,
such as inflation or flights to safe havens [4-6]. Perhaps surprisingly, oil itself serves as
a hedge, safe haven, and diversifier relative to conventional currencies during periods
of turbulence [7]. Base metals indicate industrial demand, especially during declines in
demand attributable to events exogenous to the business cycle, such as the COVID-19
pandemic [8].

Hypotheses anticipating asymmetric relationships between crude oil and refined
fuels may be evaluated with as few as two individual commodity series, such as Brent
or WTI and gasoline. Divergence between crude oil and natural gas prices may prove
especially revealing. Finally, agricultural commodity markets may reveal the impact, if any,
of renewable energy policies prescribing ethanol additives, E85 fuel, or biodiesel. Soft food
commodities, such as corn, cotton, and cocoa, demonstrated safe-haven properties during
the COVID-19 pandemic [9]. These crops are intriguingly diverse: whereas corn serves
as human food, animal feed, and a biofuel feedstock, cotton is both food and fiber. As a
component of sweets and a stimulant in its own right, cocoa serves more as a complement
to staple grains and oilseeds than as a substitute for those crops [10].

2.2. Methods

This study applies a broad variety of clustering methods to different subsets of these
commodity market time series. The clustering methods deployed in this study include
spectral clustering [11-13], mean-shift clustering [14], affinity propagation [15-17], hier-
archical agglomerative clustering [18], and k-means clustering [19]. A single method of
manifold learning—t-distributed stochastic neighbor embedding (¢-SNE)—facilitates the
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visualization of clusters among commodity markets [20-22]. A comprehensive discussion
of those five clustering methods and t-SNE appears in [3] (pp. 12-14).

3. Anticipated Results

The application of conditional, time-variant ontological clustering to energy-related
commodities should provide deeper insights into a wide range of contestable and contro-
versial propositions about the behavior of these markets. Oil price shocks comprise two
distinct components: effects endogenous to the global business cycle and effects specific
to markets for energy-related commodities [23]. The endogenous component of oil price
volatility reflects cyclical differences in the performance of equity markets in the United
States and other advanced economies [24,25].

Industry-specific effects may be usefully divided according to a dichotomy between
supply-side and demand-side effects [26,27]. Supply-side disruptions are conventionally
ascribed to geographic events, such as storms [28,29], or to or geopolitical events, such
as wars or acts of terrorism [30]. Supply-side disruptions have their most pronounced,
enduring impacts on poorer countries [31,32]. Disruptions in oil supply leave an especially
deep footprint on oil-exporting countries [33-36].

By contrast, many disruptions in demand arise from broader macroeconomic phenom-
ena, such as the financial crisis of 2008-2009 and the ensuing Great Recession. Unsupervised
machine learning has suggested that the COVID-19 pandemic should be evaluated as a
stochastic “black swan” event in commodity markets rather than an artifact of the busi-
ness cycle [3]. Demand-side effects are more pronounced in the wealthy, industrialized
countries that account for most of the world’s consumption of exhaustible and renewable
fuels [37-39].

Refined fuel markets, particularly for gasoline, move asymmetrically vis-a-vis crude
oil markets [40—43]. According to the “rockets and feathers” hypothesis, increases in crude
oil prices are transmitted more quickly to gasoline than decreases [44—46]. Other sources
identify Edgeworth price cycles, which are characterized by sawtooth-shaped time series
consisting of many price decreases punctuated by occasional upward jumps [47,48]. Since
they identify periodicity within otherwise stochastic phenomena, Edgeworth price cycles
may be regarded as a special instance of “rockets and feathers” [49]. Edgeworth cycles may
arise from consumers who are extremely loyal to a brand and therefore unaware of lower
retail gasoline prices, or at least are unwilling to search for bargains [50,51].

Other sources contest the alleged asymmetry of oil and refined fuel markets [52].
Recent crises in energy-related commodity markets have neither exhibited “rocket and
feathers” behavior nor followed Edgeworth cycles. The “rockets and feathers” hypothesis
may partially explain oil-gasoline asymmetry, but not completely. When oil prices are
falling, gasoline prices follow a contrary “boulders and balloons” dynamic by which
gasoline more swiftly tracks oil price declines than increases [53]. Reversals in oil-gasoline
asymmetry strongly suggest that volatility transmission between crude oil and refined
fuels varies over time [54].

Finally, energy commodities move in tandem with agricultural commodities that
supply fuel as well as food, feed, or fiber [55-59]. Fuel feedstock crops, such as corn
and soybeans, either compete directly against crude oil as renewable substitutes or pro-
vide complements to fuels refined from petroleum [60-62]. Although biofuel policies in
wealthy countries are suspected of affecting volatility transmission between energy-related
and agricultural commodities [63], firm evidence supporting such hypotheses has not
emerged [64-68].

4. Discussion

This study advances the understanding of energy-related commodity markets. This
study also expands the toolkit for unsupervised machine learning in time-series forecasting.
This section discusses each of these contributions.
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4.1. Commodity-Specific Insights

Energy-related commodity markets have a disproportionate impact on developmental
economics, international trade, and environmental policy. Factors affecting oil prices
include wars and other political disturbances, shifts in global supply and demand, and
technological and regulatory changes promoting demand for renewable energy. OPEC
production decisions and extreme weather events must also be taken into account.

Interactions between fossil fuels and renewable fuel feedstocks attract especially
intense security. Crude oil, gasoline, and diesel affect not only energy policy but also
demand for agricultural feedstocks for ethanol and biodiesel. Biofuel feedstock demand
may be swayed by domestic and international policies responding to global climate change.

Asymmetry, persistence, and cyclicality in volatility must be understood in the context
of other financial markets and the macroeconomy. Beyond its impact on public policy,
co-movement among all commodity markets and between commodities and other asset
classes influences the leadership of energy companies and other forms of private risk
management, including portfolio allocation. Fuel taxes, renewable energy policy, and the
impact of energy prices on the behavior of industries and households hang in the balance.

4.2. Prelude and Performance: Unsupervised Machine Learning and Time-Series Forecasting

Unsupervised machine learning coexists comfortably alongside conventional methods
for time-series forecasting. Indeed, more complete integration of unsupervised machine
learning with forecasting forms the basis for future work. Each of the energy market
propositions raised in this study—(1) macroeconomic versus industry-specific effects,
(2) supply-side versus demand-side shocks, (3) upside versus downside asymmetry in
oil and refined fuel prices, and (4) interactions with agricultural commodities—can be
described and visualized through clustering and manifold learning.

The unsupervised machine-learning methods in this article exhibit strengths as well
as limitations. Unlike traditional forecasting methods or even generalized linear methods
for panel data, unsupervised machine learning does not rely on the formal apparatus of
null hypothesis significance testing [69]. The statistical community has raised particularly
sharp concerns over the rampant misunderstanding and misuse of p-values [70].

Willingness to use unsupervised machine learning does not hinge on a researcher’s po-
sition on p-values or the growing movement seeking alternatives to statistical conventions
based on them [71,72]. Nor should it. Unsupervised machine learning reveals mathematical
properties and relationships within the data in ways not restricted by the rigid conventions
of null hypothesis significance testing. In the absence of p-values and other conventional
indicators of statistical significance, unsupervised learning converts raw data into mathe-
matical outputs that can, in turn, enable more fruitful applications of economic domain
knowledge and expert judgment. Other applications of machine learning and artificial
intelligence, particularly in natural language processing, readily accommodate a blend of
formal mathematics and subjective but mathematically informed analyst judgment [73-75].

The application of unsupervised machine learning to time series provides both prelude
and performance in this branch of financial economics. Although unsupervised learning
cannot directly forecast time series, unsupervised learning does generate insights beyond
those available through descriptive statistics or exploratory data analysis. As the poet T.S.
Eliot rendered the sentiment, unsupervised machine learning scours “the beaches where
[the sea] tosses / Its hints of earlier and other creation” [1] (p. 36).

Time-variant ontological clustering represents a methodological innovation in its own
right. The time-series data of greatest interest to the research questions in this study con-
sist of the transpose of a more conventional matrix whose rows designate trading days
and whose columns represent distinct commodity markets. Temporal clustering iden-
tifies mathematically distinct periods within the historical record. Transitions between
clusters may indicate structural breaks in a trading regime [76]. Successfully locating
such events addresses a known weakness of conventional forecasting methods. As the
most labor- and data-intensive form of unsupervised machine learning for time series,
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time-variant ontological clustering can report changes in co-movement among market
components—dynamic shifts, as it were, punctuating longer episodes of evanescent equi-
librium among assets within a financial ecosystem [77].

Further applications of this study’s methods include the investigation of changes in co-
movement among asset classes or, more narrowly, among equity or bond market subsectors
during shifts in macroeconomic conditions. This study’s application of unsupervised
machine learning may shed light on jump-diffusion models [78-81], a venerable economic
tradition well represented in the literature on commodity markets [82-85]. If jump-diffusion
processes can generate random sampling algorithms in pattern theory, computer vision,
and medical imaging [86], unsupervised machine learning might facilitate the extraction of
previously undetected mixtures within time series.

This study’s methods also invite the extension of unsupervised machine learning to
forecasting tasks that supervised machine learning methods have begun to tackle. For
instance, all three methods of clustering presented in [2,3] and this study can be applied to
the immensely popular task of forecasting air pollution in Beijing [87-89]. Unsupervised
machine learning holds promise for addressing similar problems in meteorology, pollution
control, and other environmental sciences [90].

The application of unsupervised machine learning to time series in finance, meteo-
rology, and ecology should follow a Hegelian dialectic [91,92]. Unconditional ontological
clustering as thesis stands beside its antithesis, temporal clustering of the matrix transpose.
As the synthesis of space and time, time-variant ontological clustering reveals shifts within
these stylized ecosystems during critical periods. What financial economics calls jumps
or structural shifts, upon closer inspection, may display the mathematical properties that
distinguish recessions from ordinary macroeconomic equilibria [93-95]. Given the common
origins of economics and ecology [96], the similarities between these phenomena and
punctuated equilibria in biology [77] should come as no surprise. The only difference is the
frequency of ticks on the clocks measuring financial and geological time.

5. Conclusions

This study anticipates the completion of a toolkit for applying unsupervised machine
learning to financial time series. An initial application of clustering and manifold learning to
logarithmic returns and forecast volatility garnered quantitative support for the traditional
ontology of commodity markets [2]. Temporal clustering then identified critical periods
within energy-related commodity markets [3]. This study combines these methods into a
novel hybrid called time-variant ontological clustering.

At a higher level of theoretical abstraction, this study unveils the distinct contributions
of machine-learning methodology and data-gathering to time-series analysis. In machine
learning, there is no such thing as a free lunch [97,98]. No single method or family of
algorithms should be expected to outperform others, with respect to any dataset or even a
broad category of problems [99]. The absence of a free lunch counsels the deployment of
all plausible methodologies.

Unsupervised machine learning offers a meaningful combination of predictive success
and explanatory power. The intrinsic parsimony of mathematics [100], remarkably effective
in the natural sciences [101], notoriously fails when applied to economics [102]. By relying
on all available data and the mathematical relationships lurking therein, unsupervised
machine learning captures the most probable source of “unreasonable effectiveness” in
the otherwise dismal science of economics: the data [103]. In that spirit, this study reveals
the mechanics underlying energy-related commodity markets through machine-learning
methods that neither require nor request human judgment.

Author Contributions: Conceptualization, ].M.C.; methodology, ].M.C.; software, ].M.C.; formal
analysis, ]. M.C.; investigation, C.A.; data curation, C.A.; writing—original draft preparation, ].M.C.;
writing—review and editing, ]. M.C. and C.A. All authors have read and agreed to the published
version of the manuscript.



Eng. Proc. 2023, 39, 42 7 of 10

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Eliot, T.S. The dry salvages. In Four Quartets; Reprinted 1971; Houghton Mifflin Harcourt: New York, NY, USA, 1943; pp. 35-48.

2. Chen, ].M.; Rehman, M.U.; Vo, X.V. Clustering commodity markets in space and time: Clarifying returns, volatility, and trading
regimes through unsupervised machine learning. Resour. Policy 2021, 73, 102162. [CrossRef]

3. Chen, ].M,; Rehman, M.U. A pattern new in every moment: The temporal clustering of markets for crude oil, refined fuels, and
other commodities. Energies 2021, 14, 6099. [CrossRef]

4. Aguilera, R.E; Radetzki, M. The synchronized and exceptional price performance of oil and gold: Explanations and prospects.
Resour. Policy 2017, 54, 81-87. [CrossRef]

5. Reboredo, ].C.; Rivera-Castro, M.A.; Ugolini, A. Downside and upside risk spillovers between exchange rates and stock prices.
J. Bank. Financ. 2016, 62, 76-96. [CrossRef]

6. Rehman, M.U.; Shahzad, S.J.H.; Uddin, G.S.; Hedstrom, A. Precious metal returns and oil shocks: A time varying connectedness
approach. Resour. Policy 2018, 58, 77-89. [CrossRef]

7. Liu, C.; Naeem, M.A.; Rehman, M.U,; Farid, S.; Shahzad, S.J.H. Oil as hedge, safe-haven, and diversifier for conventional cur-
rencies. Energies 2020, 13, 4354. [CrossRef]

8. Umar, Z.; Jarefio, F.; Escribano, A. Oil price shocks and the return and volatility spillover between industrial and precious metals.
Energy Econ. 2021, 99, 105291. [CrossRef]

9.  Rubbaniy, G.; Khalid, A.A.; Syriopoulos, K.; Samitas, A. Safe-haven properties of soft commodities during times of COVID-19.
J. Commod. Mark. 2022, 27, 100223. [CrossRef]

10. Talbot, ].M. Tropical commodity chains, forward integration strategies and international inequality: Coffee, cocoa and tea. Rev.
Int. Pol. Econ. 2002, 9, 701-734. [CrossRef]

11. Liu, J.; Han, J. Spectral clustering. In Data Clustering: Algorithms and Applications; Aggarwal, C.C., Reddy, C.K., Eds.; Chapman
and Hall, CRC Press: Boca Raton, FL, USA, 2014; pp. 177-200. [CrossRef]

12.  Liu, R;; Zhang, H. Segmentation of 3D meshes through spectral clustering. In Proceedings of the 12th Pacific Conference on
Computer Graphics and Applications, Seoul, Republic of Korea, 6-8 October 2004; pp. 298-305. [CrossRef]

13.  Von Luxburg, U. A tutorial on spectral clustering. Stat. Comput. 2007, 17, 395-416. [CrossRef]

14. Comaniciu, D.; Meer, P. Mean shift: A robust approach toward feature space analysis. IEEE Trans. Pattern Anal. Mach. Intel. 2002,
24, 603-619. [CrossRef]

15.  Frey, B.J.; Dueck, D. Clustering by passing messages between data points. Science 2007, 315, 972-976. [CrossRef] [PubMed]

16. Bodenhofer, U.; Kothmeier, A.; Hochreiter, S. APCluster: An R package for affinity propagation clustering. Bioinformatics 2011, 27,
2463-2464. [CrossRef] [PubMed]

17. Shang, F; Jiao, L.C; Shi, J.; Wang, F.; Gong, M. Fast affinity propagation clustering: A multilevel approach. Pattern Recog. 2012, 45,
474-486. [CrossRef]

18. Murtagh, F. A survey of recent advances in hierarchical clustering algorithms. Comput. ]. 1983, 26, 354-359. [CrossRef]

19. Soni, K.G.; Patel, A. Comparative analysis of k-means and k-medoids algorithm on IRIS data. Int. |. Comput. Intell. Res. 2017, 13,
899-906. Available online: https:/ /www.ripublication.com/ijcirl7 /ijcirv13n5_21.pdf (accessed on 28 June 2023).

20. Van der Maaten, L. Accelerating {-SNE using tree-based algorithms. J. Mach. Learn. Res. 2014, 15, 3221-3245. Available online:
https:/ /jmlr.org/papers/v15/vandermaatenl4a.html (accessed on 28 June 2023).

21. Van der Maaten, L.; Hinton, G. Visualizing high-dimensional data using {-SNE. . Mach. Learn. Res. 2008, 9, 2579-2605. Available
online: https://www.jmlr.org/papers/v9/vandermaaten08a.html (accessed on 28 June 2023).

22.  Van der Maaten, L.; Hinton, G. Visualizing non-metric similarities in multiple maps. Mach. Learn. 2012, 87, 33-55. [CrossRef]

23. Kilian, L. The economic effects of energy price shocks. J. Econ. Lit. 2008, 46, 871-909. [CrossRef]

24. Federer, ].P. Oil price volatility and the macroeconomy. . Macroecon. 1996, 18, 1-26. [CrossRef]

25.  Sim, N.; Zhou, H. Oil prices, stock return, and the dependence between their quantiles. J. Bank. Financ. 2015, 55, 1-8. [CrossRef]

26. Joéts, M.; Mignon, V.; Razafindrabe, T. Does the volatility of commodity prices reflect macroeconomic uncertainty? Energy Econ.
2017, 68, 313-326. [CrossRef]

27. Hamilton, J.D. What is an oil shock? . Econom. 2003, 113, 363-398. [CrossRef]

28. Blair, B.F,; Rezek, J.P. The effects of hurricane Katrina on price pass-through for Gulf Coast gasoline. Econ. Lett. 2008, 98, 229-234.
[CrossRef]

29. Kaiser, M.J.; Yu, Y.; Jablonowski, C.J. Modeling lost production from destroyed platforms in the 2004-2005 Gulf of Mexico

hurricane seasons. Energy 2009, 34, 1156-1171. [CrossRef]


https://doi.org/10.1016/j.resourpol.2021.102162
https://doi.org/10.3390/en14196099
https://doi.org/10.1016/j.resourpol.2017.09.005
https://doi.org/10.1016/j.jbankfin.2015.10.011
https://doi.org/10.1016/j.resourpol.2018.03.014
https://doi.org/10.3390/en13174354
https://doi.org/10.1016/j.eneco.2021.105291
https://doi.org/10.1016/j.jcomm.2021.100223
https://doi.org/10.1080/0969229022000021862
https://doi.org/10.1201/9781315373515
https://doi.org/10.1109/PCCGA.2004.1348360
https://doi.org/10.1007/s11222-007-9033-z
https://doi.org/10.1109/34.1000236
https://doi.org/10.1126/science.1136800
https://www.ncbi.nlm.nih.gov/pubmed/17218491
https://doi.org/10.1093/bioinformatics/btr406
https://www.ncbi.nlm.nih.gov/pubmed/21737437
https://doi.org/10.1016/j.patcog.2011.04.032
https://doi.org/10.1093/comjnl/26.4.354
https://www.ripublication.com/ijcir17/ijcirv13n5_21.pdf
https://jmlr.org/papers/v15/vandermaaten14a.html
https://www.jmlr.org/papers/v9/vandermaaten08a.html
https://doi.org/10.1007/s10994-011-5273-4
https://doi.org/10.1257/jel.46.4.871
https://doi.org/10.1016/S0164-0704(96)80001-2
https://doi.org/10.1016/j.jbankfin.2015.01.013
https://doi.org/10.1016/j.eneco.2017.09.017
https://doi.org/10.1016/S0304-4076(02)00207-5
https://doi.org/10.1016/j.econlet.2007.02.028
https://doi.org/10.1016/j.energy.2009.04.032

Eng. Proc. 2023, 39, 42 8 of 10

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.
47.

48.

49.

50.

51.

52.
53.

54.

55.

56.
57.

58.

59.

Ji, Q.; Guo, J.-F. Oil price volatility and oil-related events: An internet concern study perspective. Appl. Energy 2015, 256-264.
[CrossRef]

Morgan, C.W.; Rayner, A.J.; Ennew, C.T. Price instability and commodity future markets. World Dev. 1994, 22, 1729-1736.
[CrossRef]

Vo, L.H,; Le, T.-H. Eatery, energy environment and economic system, 1970-2017: Understanding volatility spillover patterns a
global sample. Energy Econ. 2021, 100, 105391. [CrossRef]

Rafiq, S.; Ruhul Salim, R.; Bloch, H. Impact of crude oil volatility on economic activities: An empirical investigation in the Thai
economy. Resour. Policy 2009, 34, 121-132. [CrossRef]

Filis, G.; Degiannakis, S.; Floros, C. Dynamic correlation between stock market and oil prices: The case of oil-importing and oil-
exporting countries. Int. Rev. Financ. Anal. 2011, 20, 152-164. [CrossRef]

Guesmi, K.; Fattoum, S. Return and volatility transmission between oil prices and oil-exporting and oil-importing countries. Econ.
Model. 2014, 38, 305-310. [CrossRef]

Kumar, S.; Khalfaoui, R.; Tiwari, A.K. Does geopolitical risk improve the directional predictability from oil to stock returns?
Evidence from oil-exporting and oil-importing countries. Resour. Policy 2021, 74, 102253. [CrossRef]

Ebrahim, Z.; Inderwildi, O.R.; King, D.A. Macroeconomic impacts of oil price volatility: Mitigation and resilience. Front. Energy
2014, 8, 9-24. [CrossRef]

Guo, H.; Kliesen, K.L. Oil price volatility and U.S. macroeconomic activity. Fed. Reserve Bank St. Louis Rev. 2005, 87, 669-683.
Available online: https:/ /research.stlouisfed.org/publications/review /2005/11/01/ oil-price-volatility-and-u-s-macroeconomic-
activity (accessed on 28 June 2023). [CrossRef]

Mork, K.A. Oil and the macroeconomy when prices go up and down: An extension of Hamilton’s results. . Pol. Econ. 1989, 97,
740-744. [CrossRef]

Borenstein, S.; Cameron, A.C.; Gilbert, R. Do gasoline prices respond asymmetrically to crude oil price changes? Q. J. Econ. 1997,
112, 305-339. [CrossRef]

Douglas, C.; Herrera, A.M. Why are gasoline prices sticky? A test of alternative models of price adjustment. J. Appl. Econom. 2010,
25,903-928. [CrossRef]

Douglas, C.C.; Herrera, A.M. Dynamic pricing and asymmetries in retail gasoline markets: What can they tell us about price
stickiness? Econ. Lett. 2014, 122, 247-252. [CrossRef]

Karrenbrock, J.D. The behavior of retail gasoline prices: Symmetric or not? Fed. Reserve Bank St. Louis Rev. 1991, 73, 19-29. Available
online: https:/ /research.stlouisfed.org/publications/review /1991/07 /01 /the-behavior-of-retail-gasoline-prices-symmetric-
or-not (accessed on 28 June 2023). [CrossRef]

Eleftheriou, K.; Nijkamp, P.; Polemis, M.L. Asymmetric price adjustments in US gasoline markets: Impacts of spatial dependence
on the “rockets and feathers” hypothesis. Reg. Stud. 2019, 53, 667-680. [CrossRef]

Galeotti, M.; Lanza, A.; Manera, M. Rockets and feathers revisited: An international comparison on European gasoline markets.
Energy Econ. 2003, 25, 175-190. [CrossRef]

Tappata, M. Rockets and feathers: Understanding asymmetric pricing. Rand J. Econ. 2009, 40, 673-687. [CrossRef]

Lewis, M.; Noel, M. The speed of gasoline price response in markets with and without Edgeworth cycles. Rev. Econ. Stat. 2011, 93,
672—682. [CrossRef]

Noel, M.D.; Chu, L. Forecasting gasoline prices in the presence of Edgeworth price cycles. Energy Econ. 2015, 51, 204-214.
[CrossRef]

Maskin, E.; Tirole, J. A theory of dynamic oligopoly, II: Price competition, kinked demand curves, and Edgeworth cycles.
Econometrica 1988, 56, 571-599. [CrossRef]

Fershtman, C.; Fishman, A. Price cycles and booms: Dynamic search equilibrium. Am. Econ. Rev. 1992, 82, 1221-1233. Available
online: https://www.jstor.org/stable /2117475 (accessed on 28 June 2023).

Lewis, M.S. Asymmetric price adjustment and consumer search: An examination of the retail gasoline market. J. Econ. Manag.
Strategy 2011, 20, 409-449. [CrossRef]

Bachmeier, L.J.; Griffin, ]. M. New evidence on asymmetric gasoline price responses. Rev. Econ. Stat. 2003, 85, 772-776. [CrossRef]
Bremmer, D.S.; Kesselring, R.G. The relationship between U.S. retail gasoline and crude oil prices during the Great Recession:
“Rockets and feathers” or “balloons and rocks” behavior? Energy Econ. 2016, 55, 200-210. [CrossRef]

Apergis, N.; Vouzavalis, G. Asymmetric pass through of oil prices to gasoline prices: Evidence from a new country sample.
Energy Policy 2018, 114, 519-528. [CrossRef]

Koirala, K.H.; Mishra, A.K.; D’Antoni, ]. M.; Mehlhorn, ].E. Energy prices and agricultural commodity prices: Testing correlation
using copulas method. Energy 2015, 81, 430-436. [CrossRef]

Roman, M.; Gérecka, A.; Domagata, J. The linkages between crude oil and food prices. Energies 2020, 13, 6545. [CrossRef]

Serra, T. Volatility spillovers between food and energy markets: A semiparametric approach. Energy Econ. 2011, 33, 1155-1164.
[CrossRef]

Kumar, S.; Tiwari, A.K.; Raheem, I.D.; Hille, E. Time-varying dependence structure between oil and agricultural commodity
markets: A dependence-switching CoVaR copula approach. Resour. Policy 2021, 72, 102049. [CrossRef]

Lucotte, Y. Co-movements between crude oil and food prices: A post-commodity boom perspective. Econ. Lett. 2016, 147, 142-147.
[CrossRef]


https://doi.org/10.1016/j.apenergy.2014.10.002
https://doi.org/10.1016/0305-750X(94)00082-4
https://doi.org/10.1016/j.eneco.2021.105391
https://doi.org/10.1016/j.resourpol.2008.09.001
https://doi.org/10.1016/j.irfa.2011.02.014
https://doi.org/10.1016/j.econmod.2014.01.022
https://doi.org/10.1016/j.resourpol.2021.102253
https://doi.org/10.1007/s11708-014-0303-0
https://research.stlouisfed.org/publications/review/2005/11/01/oil-price-volatility-and-u-s-macroeconomic-activity
https://research.stlouisfed.org/publications/review/2005/11/01/oil-price-volatility-and-u-s-macroeconomic-activity
https://doi.org/10.20955/r.87.669-84
https://doi.org/10.1086/261625
https://doi.org/10.1162/003355397555118
https://doi.org/10.1002/jae.1115
https://doi.org/10.1016/j.econlet.2013.11.025
https://research.stlouisfed.org/publications/review/1991/07/01/the-behavior-of-retail-gasoline-prices-symmetric-or-not
https://research.stlouisfed.org/publications/review/1991/07/01/the-behavior-of-retail-gasoline-prices-symmetric-or-not
https://doi.org/10.20955/r.73.19-29
https://doi.org/10.1080/00343404.2018.1463093
https://doi.org/10.1016/S0140-9883(02)00102-0
https://doi.org/10.1111/j.1756-2171.2009.00084.x
https://doi.org/10.1162/REST_a_00176
https://doi.org/10.1016/j.eneco.2015.06.017
https://doi.org/10.2307/1911701
https://www.jstor.org/stable/2117475
https://doi.org/10.1111/j.1530-9134.2011.00293.x
https://doi.org/10.1162/003465303322369902
https://doi.org/10.1016/j.eneco.2015.12.014
https://doi.org/10.1016/j.enpol.2017.12.046
https://doi.org/10.1016/j.energy.2014.12.055
https://doi.org/10.3390/en13246545
https://doi.org/10.1016/j.eneco.2011.04.003
https://doi.org/10.1016/j.resourpol.2021.102049
https://doi.org/10.1016/j.econlet.2016.08.032

Eng. Proc. 2023, 39, 42 90of 10

60.

61.

62.
63.

64.

65.

66.

67.

68.

69.

70.

71.
72.

73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.

86.
87.

88.

89.

90.

91.

92.
93.

Ferrer, R.; Shahzad, S.J.H.; Lopez, R.; Jarefio, F. Time and frequency dynamics of connectedness between renewable energy stocks
and crude oil prices. Energy Econ. 2018, 76, 1-20. [CrossRef]

Carpio, L.G.T. The effects of oil price volatility on ethanol, gasoline, and sugar price forecasts. Energy 2019, 181, 1012-1022.
[CrossRef]

Reboredo, J.C. Do food and oil prices co-move? Energy Policy 2012, 49, 456-467. [CrossRef]

Du, X,; Yu, C.L.; Hayes, D.]. Speculation and volatility spillover in the crude oil and agricultural commodity markets: A Bayesian
analysis. Energy Econ. 2011, 33, 497-503. [CrossRef]

Cabrera, B.L.; Schulz, F. Volatility linkages between energy and agricultural commodity prices. Energy Econ. 2016, 54, 190-203.
[CrossRef]

Enciso, S.R.A,; Fellmann, T.; Dominguez, I.P.; Santini, F. Abolishing biofuel policies: Possible impacts on agricultural price lev- els,
price variability and global food security. Food Policy 2016, 61, 9-26. [CrossRef]

Gardebroek, C.; Hernandez, M.A. Do energy prices stimulate food price volatility? Examining volatility transmission between
US oil, ethanol and corn markets. Energy Econ. 2013, 40, 119-129. [CrossRef]

Karyotis, C.; Alijani, S. Soft commodities and the global financial crisis: Implications for the economy, resources and institutions.
Res. Int. Bus. Financ. 2016, 37, 350-359. [CrossRef]

McPhail, L.L.; Babcock, B.A. Impact of US biofuel policy on US corn and gasoline price variability. Energy 2012, 37, 505-513.
[CrossRef]

Szucs, D.; Ioannidis, ].P.A. When null hypothesis significance testing is unsuitable for research: A reassessment. Front. Hum.
Neurosci. 2017, 11, 390. [CrossRef]

Wasserstein, R.L.; Lazar, N.A. The ASA statement on p-values: Context, process, and purpose. Am. Stat. 2016, 70, 129-133.
[CrossRef]

Cohen, H.W. P values: Use and misuse in medical literature. Am. J. Hypertens. 2011, 24, 18-23. [CrossRef]

Quintana, D.S.; Williams, D.R. Bayesian alternatives for common null-hypothesis significance tests in psychiatry: A non-tech-
nical guide using JASP. BMC Psychiatry 2018, 18, 178. [CrossRef]

Farasat, A.; Gross, G.; Nagi, R.; Nikolaev, A.G. Social network analysis with data fusion. IEEE Trans. Comput. Soc. Syst. 2016, 3,
88-99. [CrossRef]

Newman, N.C.; Porter, A.L.; Newman, D.; Trumbach, C.C.; Bolan, S.D. Comparing methods to extract technical content for
technological intelligence. |. Eng. Technol. Manag. 2014, 32, 97-109. [CrossRef]

Taber, P.; Staes, C.J.; Phengphoo, S.; Rocha, E.; Lam, A.; del Fiol, G.; Maviglia, S.M.; Rocha, R.A. Developing a sampling method
and preliminary taxonomy for classifying COVID-19 public health guidance for healthcare organizations and the general public.
J. Biomed. Inform. 2021, 120, 103852. [CrossRef]

Salisu, A.; Fasanya, 1.O. Modelling oil price volatility with structural breaks. Energy Policy 2013, 52, 554-562. [CrossRef]
Eldredge, N.; Gould, S.J. Punctuated equilibria: An alternative to phyletic gradualism. In Models in Paleobiology; Schopf, T.].M.,
Ed.; Freeman, Cooper & Co.: San Francisco, CA, USA, 1972; pp. 82-115.

Black, F. How to use the holes in Black-Scholes. J. Appl. Corp. Financ. 1989, 1, 67-73. [CrossRef]

Cox, ].C.; Ross, S.A. The valuation of options for alternative stochastic processes. J. Financ. Econ. 1976, 3, 145-166. [CrossRef]
Kou, S.G. A jump-diffusion model for option pricing. Manag. Sci. 2002, 48, 1086-1101. [CrossRef]

Merton, R.C. Option pricing when underlying stock returns are discontinuous. J. Financ. Econ. 1976, 3, 125-144. [CrossRef]
Crosby, J. A multi-factor jump-diffusion model for commodities. Quant. Financ. 2008, 8, 181-200. [CrossRef]

Da Fonseca, J.; Ignatieva, K. Jump activity analysis for affine jump-diffusion models: Evidence from the commodity market.
J. Bank. Financ. 2019, 99, 45-62. [CrossRef]

Hilliard, J.E.; Jorge, A.; Reis, J.A. Jump processes in commodity futures prices and options pricing. Am. J. Agric. Econ. 1999, 81,
273-286. [CrossRef]

Schmitz, A.; Wang, Z.; Kimn, J.H. A jump diffusion model for agricultural commodities with Bayesian analysis. J. Futures Mark.
2014, 34, 235-260. [CrossRef]

Grenander, U.; Miller, M.I. Representations of knowledge in complex systems. J. R. Stat. Soc. B 1994, 56, 549-603. [CrossRef]

Li, D,; Liu, J.; Zhao, Y. Forecasting of PM2.5 concentration in Beijing using hybrid deep learning framework based on attention
mechanism. Appl. Sci. 2022, 12, 11155. [CrossRef]

Niu, M.; Zhang, Y.; Ren, Z. Deep learning-based PM2.5 long time-series prediction by fusing multisource data—A case study of
Beijing. Atmosphere 2023, 14, 340. [CrossRef]

Zhang, S.; Guo, B.; Dong, A.; He, J.; Xu, Z.; Chen, S.X. Cautionary tales on air-quality improvement in Beijing. Proc. R. Soc. A
2017, 473, 20170457. [CrossRef] [PubMed]

Méndez, M.; Merayo, M.G.; Nufiez, M. Machine learning algorithms to forecast air quality: A survey. Artif. Intell. Rev. 2023.
[CrossRef]

Forster, M. Hegel’s dialectical method. In The Cambridge Companion to Hegel; Beiser, F.C., Ed.; Cambridge University Press:
Cambridge, UK, 1993; pp. 130-170.

Rosen, M. Hegel’s Dialectic and Its Criticism; Cambridge University Press: Cambridge, UK, 1982.

Chauvet, M. An economic characterization of business cycle dynamics with factor structure and regime switching. Int. Econ. Rev.
1998, 39, 969-996. [CrossRef]


https://doi.org/10.1016/j.eneco.2018.09.022
https://doi.org/10.1016/j.energy.2019.05.067
https://doi.org/10.1016/j.enpol.2012.06.035
https://doi.org/10.1016/j.eneco.2010.12.015
https://doi.org/10.1016/j.eneco.2015.11.018
https://doi.org/10.1016/j.foodpol.2016.01.007
https://doi.org/10.1016/j.eneco.2013.06.013
https://doi.org/10.1016/j.ribaf.2016.01.007
https://doi.org/10.1016/j.energy.2011.11.004
https://doi.org/10.3389/fnhum.2017.00390
https://doi.org/10.1080/00031305.2016.1154108
https://doi.org/10.1038/ajh.2010.205
https://doi.org/10.1186/s12888-018-1761-4
https://doi.org/10.1109/TCSS.2016.2613563
https://doi.org/10.1016/j.jengtecman.2013.09.001
https://doi.org/10.1016/j.jbi.2021.103852
https://doi.org/10.1016/j.enpol.2012.10.003
https://doi.org/10.1111/j.1745-6622.1989.tb00175.x
https://doi.org/10.1016/0304-405X(76)90023-4
https://doi.org/10.1287/mnsc.48.8.1086.166
https://doi.org/10.1016/0304-405X(76)90022-2
https://doi.org/10.1080/14697680701253021
https://doi.org/10.1016/j.jbankfin.2018.11.014
https://doi.org/10.2307/1244581
https://doi.org/10.1002/fut.21597
https://doi.org/10.1111/j.2517-6161.1994.tb02000.x
https://doi.org/10.3390/app122111155
https://doi.org/10.3390/atmos14020340
https://doi.org/10.1098/rspa.2017.0457
https://www.ncbi.nlm.nih.gov/pubmed/28989318
https://doi.org/10.1007/s10462-023-10424-4
https://doi.org/10.2307/2527348

Eng. Proc. 2023, 39, 42 10 of 10

94.

95.

96.
97.

98.

99.

100.
101.

102.
103.

Chauvet, M.; Piger, ]. M. Identifying business cycle turning points in real time. Rev. Fed. Reserve Bank St. Louis 2003, 85, 47—60.
[CrossRef]

Chauvet, M.; Piger, J. A comparison of the real-time performance of business cycle dating methods. J. Bus. Econ. Stat. 2008, 26,
42-49. [CrossRef]

Costanza, R. Ecological economics: Reintegrating the study of humans and nature. Ecol. Appl. 1996, 6, 978-990. [CrossRef]
Alabert, A.; Berti, A.; Caballero, R.; Ferrante, M. No-free-lunch theorems in the continuum. Theor. Comput. Sci. 2015, 600, 98-106.
[CrossRef]

Ho, Y.C.; Pepyne, D.L. Simple explanation of the no-free-lunch theorem and its implications. . Optim. Theory Appl. 2002, 115,
549-570. [CrossRef]

Wolpert, D.H. The lack of a priori distinctions between learning algorithms. Neural Comput. 1996, 8, 1341-1390. [CrossRef]
Hamming, R.W. The unreasonable effectiveness of mathematics. Am. Math. Mon. 1980, 87, 81-90. [CrossRef]

Wigner, E. The unreasonable effectiveness of mathematics in the natural sciences. Commun. Pure Appl. Math. 1960, 13, 1-14.
[CrossRef]

Velupillai, K.V. The unreasonable ineffectiveness of mathematics in economics. Camb. J. Econ. 2005, 29, 849-872. [CrossRef]
Halevy, A.; Norvig, P.; Pereira, F. The unreasonable effectiveness of data. IEEE Intell. Syst. 2009, 24, 8-12. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.20955/r.85.47-61
https://doi.org/10.1198/073500107000000296
https://doi.org/10.2307/2269581
https://doi.org/10.1016/j.tcs.2015.07.029
https://doi.org/10.1023/A:1021251113462
https://doi.org/10.1162/neco.1996.8.7.1341
https://doi.org/10.1080/00029890.1980.11994966
https://doi.org/10.1002/cpa.3160130102
https://doi.org/10.1093/cje/bei084
https://doi.org/10.1109/MIS.2009.36

	Introduction 
	Materials and Methods 
	Materials 
	Methods 

	Anticipated Results 
	Discussion 
	Commodity-Specific Insights 
	Prelude and Performance: Unsupervised Machine Learning and Time-Series Forecasting 

	Conclusions 
	References

