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Abstract 

The present work investigates the contemporaneous co-movement between the futures prices of Arabica 

and Robusta coffee varieties using the highly flexible Wavelet Local Multiple Correlation analysis. The 

data are daily observations between 2010 and 2025. The empirical findings indicate that the correlation 

of returns tends to increase as the timescale increases, except for the Covid-19 period. Dominant 

heatmaps show that Arabica acts as the dominant variable, suggesting that the futures prices of the 

Arabica variety incorporate the adjustment process in the Arabica-Robusta relationship. The moderate 

level of the realized volatility in high and medium frequencies suggests potential diversification benefits 

for short-term traders, while the dominant variable offers a useful reference for forecasting between the 

two varieties. 

JEL classification: Q13, C10 
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1. Introduction 

Coffee is one of the major traded commodities worldwide and is second only to oil (Pancsira, 

2022). Globally, an estimated 2.25 billion cups of coffee are consumed every day (Roberts, 

2021). Coffee is mainly produced by developing countries located in South America, Africa, 

and Southern Asia (Yang et al., 2022). The top producers and exporters of coffee are Brazil, 

Vietnam, Colombia, and Indonesia (Purwawangsa et al., 2024). Political aspects of the coffee 

commodity are not to be ignored either, as coffee is mainly produced in politically unstable 

countries that suffered dictatorships and political mismanagement for years (Stavrakoudis and 

Panagiotou, 2016). There are two distinct varieties of coffee, Arabica and Robusta. The Arabica 

variety is grown primarily at high altitude areas in Latin America and northeastern Africa. The 

Robusta variety is grown at low altitudes and in humid areas in Asia, in southern and western 

Africa, and in Brazil. The Arabica with the low level of caffeine (1.2%) and the strong aroma 

occupies the upper part of the spectrum. On the other hand, the Robusta, with the higher level 

of caffeine (2.2%) and the harsh taste, is at the lower part of the spectrum (Condelli et al., 

2022). Coffee prices are strongly determined by the quality of coffee (Adugna, 2021; Li et al., 
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2022) and have shown considerable volatility in the past (Zhang et al., 2022). Arabica and 

Robusta, although traded separately, are linked through substitution and shared fundamentals 

such as the weather, input costs, and the economic environment (Ngure and Watanabe, 2024). 

Symmetric responses between Arabica and Robusta coffee prices can be attributed to shared 

macroeconomic factors such as the strength of the USD ($), global demand shocks, as well as 

disruptions in freight and logistics costs (Hernandez et al., 2020). More specifically, both coffee 

varieties - as dollar-denominated commodities - become more expensive for importers when 

the USD becomes stronger (Vijayakumar, 2022). The outcome was that both prices fell. Global 

demand shocks might affect these two coffee varieties in a similar way. Post-COVID rebounds 

(2021) increased Arabica and Robusta prices (Newman and Van Huellen, 2022). On the other 

hand, recent recessions depressed them both (Varangis et al., 2003). Disruptions in freight and 

logistics costs might also symmetrically affect Arabica and Robusta coffee prices: the Red Sea 

crisis in 2024 (shipping disruption) increased the prices of both varieties.1 Unlike Arabica, 

which is more vulnerable to weather and diseases (like leaf rust), Robusta is more resistant to 

heat, rainfall variations and pests (Haile, 2018). Accordingly, asymmetries can arise from 

factors specific to Arabica or Robusta. These factors might be: i) supply shocks specific to one 

of the two coffee varieties: the Brazilian frost of 2021 drove Arabica prices up but had little or 

no effect on Robusta prices. Brazil produces 39% of the world’s coffee, and it is all of the 

Arabica variety. ii) diverging demand trends: the growth of the specialty coffee sector 

disproportionately benefits Arabica, creating sustained demand pressure that may outpace 

Robusta. Conversely, the growth of instant coffee consumption in emerging markets (like 

Southeast Asia) disproportionately benefits Robusta. Lastly, during economic downturns, 

consumers might switch to the cheaper Robusta variety, and the premium shrinks. The strength 

and the pattern of price linkages between Arabica and Robusta have been studied in the relevant 

literature with the use of different econometric tools. Copulas were employed in the studies by 

Stavrakoudis and Panagiotou (2016), Fousekis and Grigoriadis (2017) and Fousekis (2017). 

Vector Error Correction models (VECM), Threshold VECM, and Momentum threshold 

autoregressive (M-TAR) models were utilized by Cariappa and Sinha (2021), by Jácome 

Gagñay (2017), and by Ghoshray and Mohan (2021), respectively. VAR and VEC-Granger 

causality were employed by Vijayakumar (2022). Deina et al. (2022) used Extreme Learning 

Machines (ELMs) neural networks. Lastly, Fousekis and Grigoriadis (2022) employed 

penalized quantile regressions to assess tail price risk spillovers. Literature findings are mixed. 

Empirical results indicated strong (Cariappa and Sinha, 2021) and weak (Fousekis and 

Grigoriadis, 2017) linkages as well as symmetric (Mai et al., 2018) and asymmetric 

(Stavrakoudis and Panagiotou, 2016) dependence between the prices of the Arabica and 

Robusta coffee varieties. However, despite the existing literature, it remains unclear whether 

the relationships between Arabica and Robusta are uniform or vary across time and investment 

horizons. Although they examined integration, asymmetries, causality, and price transmission, 

limited attention has been drawn to the (changing) sign and the size of their relationship from 

a multidimensional perspective. The same pattern holds for both returns and realized volatility. 

The investigation of both allows provides further information since returns can show whether 

price co-movement benefits traders, while realized volatility reveals information about the risk 

and uncertainty for each variety. Since coffee traders operate at different time horizons, the 

relationship between Arabica and Robusta may vary at different frequencies. Unlike wavelet 

coherence, which mainly provides a squared measure of association with significance contours, 

WLMC provides a localized multiple correlation coefficient with confidence intervals. This is 

useful because the upper and lower bounds provide additional information about the 

uncertainty and precision of the estimated dependence structure. In contrast, dynamic 

conditional correlation (DCC) and rolling window correlations are suitable for showing how 

correlation evolves. However, they fail to uncover whether the correlation originates from 
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short-, medium-, and long-horizon. On the other hand, frequency-domain spillover indices are 

flexible for quantifying connectedness and transmission at different frequencies. Nevertheless, 

the scope of our study focuses on local interactions between the two varieties WLMC addresses 

this by estimating the sign and the size of the multiscale dependence at each point in time. To 

address this gap, the present study applies the wavelet local multiple correlation (WLMC) 

methodology to the Arabica-Robusta futures pair. WLMC is suitable for this purpose since it 

addresses these limitations by estimating the localized multiscale correlations. The contribution 

of the study is threefold. First, to show that the Arabica- Robusta futures market should not be 

considered as uniform, especially during a crisis period. Economic cycles and crisis episodes 

may affect the two varieties differently at each horizon, so WLMC allows us to investigate 

whether the Arabica- Robusta relationship strengthens or weakens during crises and recovery 

periods, and whether these episodes are associated with higher volatility levels. Second, the 

study provides a more complete picture of the two markets with returns and volatility since a 

shock may synchronize prices without necessarily synchronizing risk levels or vice versa. This 

overview offers more precise guidance on hedging or diversification strategies. Third, the 

identification of the dominant variable, namely the series that maximizes the local multiple 

correlation at each scale, is unique to the WLMC framework and provides direct economic 

insight into which market is strongly associated with the multiscale dependence structure over 

time. To this end, the WLMC framework is the preferred method for analyzing multi-horizon 

traders operating in commodity futures markets. Our contribution is therefore not simply the 

application of a new technique, but the provision of scale-dependent, time-varying, and 

dominance-based characterization of the Arabica-Robusta futures price linkages. This 

framework enables us to show that Arabica and Robusta integration depends on the timescale 

and differs between returns and realized volatility. The WLMC framework has been introduced 

by Fernández-Macho (2018), who analyzed correlations of oil-related products. (Bouri et al., 

2023; Shah et al., 2022) applied WLMC to analyze linkages between oil and carbon emissions, 

and agricultural and metal commodities, respectively, while Fousekis and Grigoriadis (2025) 

employed this approach to analyze multiscale correlations between soybean and its derivatives. 

In contrast to traditional methods, the WLMC approach captures both the timing and the scale 

of correlation during turbulence periods and not only. Wavelet power spectrum figures, wavelet 

coherence diagrams, and dominant heatmaps are also provided in order to identify lag-lead and 

dominance patterns between the coffee varieties of Arabica and Robusta. Compared to previous 

empirical research, the present work presents a more thorough presentation of the integration 

between the markets of Arabica and Robusta coffee varieties by assessing the intensity and the 

mode of price co-movement both at different market states as well as at different time 

frequencies. The study is structured as follows: Section 2 contains the Analytical framework. 

Section 3 presents the data, Section 4 the empirical results and Section 5 the discussion. Section 

5 offers conclusions. 

 

2. Analytical Framework 

All time series are decomposed using the Maximal Overlap Discrete Wavelet Transform 

(MODWT), introduced by Percival and Walden (2000). A decomposition of 𝑗 = 1,2, … , 𝐽 
refers to wavelet coefficients representing specific timescales 

𝜏𝑗 = 2𝑗−1 

The decomposition ensures that the analysis captures variability across different frequencies 

where each 𝑗 corresponds to a specific period range of [2𝑗 , 2𝑗+1) days. 
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The MODWT is implemented with the least asymmetric (LA) wavelet filter of length 8, LA(8), 

a member of the Daubechies family. The LA(8) filter is selected because it offers near-

symmetry, reducing boundary coefficient artifacts and providing a more accurate alignment of 

wavelet coefficients with the original time series. The MODWT decomposition is performed 

up to 𝐽 = 7 levels, yielding wavelet coefficients for scales 𝑗 = 1,2, … ,7. For daily data, scale 𝑗 
corresponds to a period range of (2𝑗 , 2𝑗+1) days. The maximum scale of 28 = 256 trading 

days is well within the sample length of approximately 4,132 daily observations, ensuring that 

boundary effects do not dominate the estimation. 

The interpretation of the time scales is as follows: 𝑗 = 1 (2–4 days: very short-term), 𝑗 = 2 (4–

8 days: one to two trading weeks), 𝑗 = 3 (8–16 days: two to three trading weeks), 𝑗 = 4 (16–

32 days: one to two trading months), 𝑗 = 5 (32–64 days: two to three trading months), 𝑗 = 6 

(64–128 days: three to six trading months), 𝑗 = 7 (128–256 days: six to twelve trading months). 

These timescales allow for capturing correlations across short-, medium-, and long-horizons. 

The biwavelet package in R is applied for the wavelet power spectrum and wavelet coherence 

analyses, presented in Figures 2 and 3. For both analyses, the Morlet mother wavelet was 

employed with a scale resolution 𝑑𝑗 = 1/12, the smallest scale 𝑠0 = 2 and zero-padding 

enabled. The maximum scale of 256 trading days, and statistical significance was evaluated 

using 1,000 Monte Carlo randomizations. No additional smoothing parameters were imposed. 

Smoothing was handled internally according to the default implementation of the biwavelet 

package. The Cone of Influence (COI) is also computed internally by the biwavelet package 

shown in Figures 2–3 in order to identify regions where estimates can be affected by boundary 

effects. Accordingly, the interpretation mainly focuses on the regions outside of the COI. 

The WLMC framework is used to examine dynamic dependencies in a multivariate stochastic 

process 𝑋𝑡. This method estimates a local linear regression function 𝑚(𝑥) by minimizing a 

weighted sum of squared residuals: 

𝑚̂(𝑥) = arg min
𝑎,𝑏

∑𝑤𝑡

𝑇

𝑡=1

(𝑥)[𝑦𝑡 − 𝑎 − 𝑏(𝑥𝑡 − 𝑥)]2 

where 𝑤𝑡(𝑥) represents the kernel weighting function. The weights assign greater importance 

to observations located closer to 𝑥, allowing the estimation to capture time-varying dependence 

patterns. 

The local linear regression in Equation (2) employs a Gaussian weighting window, which 

corresponds to a Gaussian kernel of the form: 

𝐾(𝑢) =
1

√2𝜋
𝑒−𝑢

2/2. 

In the empirical implementation of the WLMC framework, the window length was set equal to 

𝑀 = 260 observations, which corresponds approximately to one trading year. All wavelet 

scales are handled with the same window specification to ensure comparability of the WLMC 

estimates in both dimensions. This parameter controls the degree of the time-local smoothing 

in the WLMC estimates. This means that larger values of 𝑀 produce smoother estimates and 

smaller values allow stronger local variation. 

The strength of the local linear relationship is quantified through the local coefficient of 

determination, 𝑅2, which measures the proportion of local variance explained by the model: 

𝑅𝑗
2(𝑥) = 1 −

𝑅𝑆𝑆𝑗(𝑥)

𝑇𝑆𝑆𝑗(𝑥)
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where 𝑅𝑆𝑆𝑗(𝑥) denotes the residual sum of squares and 𝑇𝑆𝑆𝑗(𝑥) denotes the total sum of 

squares at scale 𝑗. 

The Wavelet Local Multiple Correlation is defined as the square root of the localized 

coefficient of determination. For a given scale 𝑗 and time 𝑡, it is expressed as: 

𝐿𝑀𝐶𝑗(𝑡) = √𝑅𝑗
2(𝑡) 

where the measure is between [0,1]. 

For every specific time-scale 𝑗, the dominant variable is identified by Martínez et al. (2018) as 

the one that maximizes the WLMC at a specific scale and period (Fousekis and Grigoriadis 

(2025), Bouri et al. (2023)). 

The statistical significance level is a construction of (1 − 𝛼) confidence intervals. Following 

the Fisher transformation, the confidence interval for the estimated local correlation is given 

by: 

𝐶𝐼1−𝛼 = tanh(arctanh (𝑅̂𝑗(𝑡)) ±
𝑧1−𝛼/2

√𝑇𝑗 − 3
) 

where 𝑧1−𝛼/2 represents the critical value of the standard distribution related to the significance 

level, and 𝑇𝑗 denotes the effective number of wavelet coefficients available at scale 𝑗. The 

reported 95% confidence intervals are obtained by setting 𝛼 = 0.05. 

For each time point and scale, the WLMC routine returns the estimated local multiple 

correlation coefficient together with its lower and upper confidence bounds. 

In this approach, inference is based on the asymptotic approximation embedded in the WLMC 

estimation procedure rather than on a separate bootstrap, Monte Carlo, or model-based 

correction for serial correlation and heteroskedasticity. Accordingly, the confidence intervals 

are treated as approximate intervals for the local multiscale dependence, while the use of return 

and realized volatility transformations, together with the wavelet decomposition across scales, 

contributes to reducing the persistence in the analyzed components. 

All computations were performed in R. Data handling and interpolation were carried out using 

the tidyverse and zoo packages. Wavelet power spectrum and wavelet coherence figures were 

produced using the biwavelet package. The WLMC analysis was performed using the 

implementation proposed by Fernández-Macho (2018), while dominant heatmaps were 

generated using the VisualDom package by Polanco-Martínez (2023). 

 

3. Data 

The data are daily closing futures prices of the Arabica and Robusta varieties obtained from 

Investing.com (2026). The sample period starts from January 1, 2010, and ends on December 

31, 2025. For Arabica coffee, the present work uses the ICE Futures US Coffee C futures 

contract, which is the global benchmark for high-quality Arabica. The contract is quoted in U.S 

cents per pound, has a contract size of 37,500 pounds, and is physically settled. The listed 

delivery months are March, May, July, September, and December (Intercontinental Exchange, 

2026). For Robusta coffee, the study employs the ICE Futures Europe Robusta futures contract, 

which appears as the global benchmark for Robusta. The contract unit is quoted in U.S dollars 

per metric tonne, has a contract size of 10 metric tonnes, and is physically settled. The delivery 

months are in January, March, May, July, September, and November. The analysis uses the 
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futures prices as reported by the data source and does not manually reconstruct individual 

delivery-month contract series or apply a separate rollover/ back adjustment procedure. 

However, to address potential concerns related to the construction of continuous futures series, 

we additionally provide robustness figures in the Appendix section (Figure 8).  

We construct alternative continuous futures series using an explicit contract-month rollover 

rule combined with a backward ratio adjustment, and then compare the results of the adjusted 

series against the raw series. Figure 8 presents the backward-ratio adjusted log returns and the 

raw log returns. Visual inspection reveals that both series exhibit similar patterns. Because the 

dataset includes non-trading days and missing observations, the two price series are first fully 

joined and ordered chronologically. The missing values from the merged frame are handled 

with the linear interpolation process. Log-prices were then computed for both contracts, and 

daily log-returns were defined as 

rt = ln(Pt ) − ln(Pt−1 ). 

 In addition, the logarithmic price spread was calculated as  

ln(PtArabica ) − ln(PtRobusta ),  

while squared logarithmic returns approximated the realized volatility. After the removal of the 

initial missing observations, the final aligned dataset covers the period from 01-01-2010 to 31-

12-2025 and consists of 4132 observations. The application of ADF and PP tests (Appendix: 

Table 1 and Table 2) suggested that price levels contained a unit root, whereas the price returns 

were stationary. Figure 1 shows the logarithmic prices and the spread between Arabica and 

Robusta for the time period 2010-2025. A critical point for cross-commodity futures analysis 

is that the two contracts are denominated in different units: Arabica is quoted in US cents per 

pound, while Robusta is quoted in US dollars per metric ton (1 metric ton = 2,204.62 pounds). 

Direct comparison of price levels or price spreads in absolute terms is therefore not meaningful 

without unit conversion. However, all empirical analysis in this paper is conducted using log-

returns, (rt = ln(Pt ) − ln(Pt−1 )), and log-price differences, ln(PtArabica ) − ln(PtRobusta ), 

both of which are dimensionless. Log-returns are standard in financial econometrics for 

comparing assets with different units, as they represent continuously compounded percentage 

changes. The spread in log-prices is equivalent to the log of the price ratio. This approach 

avoids any unit-conversion issues and ensures that correlation, coherence, and wavelet analyses 

are based on comparable, dimensionless quantities. 

The upper panel presents the price evolution of the coffee varieties. Both prices move together. 

Their highest peak is observed in recent years (2025), while the lowest trough for both 

commodities was during the pandemic period. Between 2019- 2020, excess supply conditions 

in the global coffee market resulted in lower prices, while the Covid-19 pandemic initially 

disrupted demand and supply chains (FAO, 2020; ICO, 2020). The upward trend in the post-

pandemic period is associated with continuous supply disruptions in the coffee market. Arabica 

recorded a stronger rise than Robusta due to the recovery of the pandemic, tighter conditions 

related to production shortfalls in Brazil, and poor weather conditions in Colombia. From 2023 

onward, a surge in coffee prices began, caused by constrained supply in Vietnam and Indonesia 

as well as deteriorating weather conditions, affecting production in Brazil, with prices 

continuing to rise FAO (2025). 

 

Figure 1:  

Evolution of the log-Prices and of the spread for the Arabica and Robusta coffee varieties 
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Arabica trades at a significant premium due to its superior flavor profile, lower caffeine 

content, and more challenging cultivation requirements (Poltronieri and Rossi, 2016). It is 

smoother, and it has more complex acidity and aroma. Robusta is the hardy bean and it is higher 

in caffeine compared to Arabica. It is more bitter, it has a stronger taste and it is primarily used 

in instant coffee and as a filler in lower-grade espresso blends. The lower panel in Figure 1 

presents the spread between the log prices of the Arabica and Robusta varieties. The strength, 

the 

mode and the pattern of the contemporaneous linkage between the two prices are contributing 

factors behind the spread. The spread is watched closely by traders in order to exploit profit 

opportunities. Positive values of the spread over the period indicate that Arabica trades 

consistently at higher prices than Robusta. Fluctuations through the years reflect higher (in 

increases) or lower (in decreases) trading opportunities. During 2012-2014, the decreasing 

spread indicates a gradual compression of the price divergence between the two varieties, 

resulting in a lower Arabica premium relative to Robusta. During the pandemic period, the 

spread increased significantly; however, it remains lower than its 2010 level. Arabica became 

relatively more expensive than Robusta, increasing the price premium. For market participants, 

in order to reduce their costs, substitution toward Robusta may have become more attractive. 

Traders can exploit movements in the spread by taking positions in the two markets. When the 

spread becomes excessively wider, traders may anticipate that it will narrow over time, taking 

short positions in Arabica and long positions in Robusta, in order to benefit from the expected 

correction in the price differential. However, the spread reached its lowest level in 2025, 

suggesting a significant decline in the Arabica premium relative to Robusta (related to tighter 

supply conditions). The narrowing of the spread indicates that market participants had less 

incentive to substitute Arabica with Robusta, while trading opportunities related to the spread 

became more limited. Supply and demand shocks create trading opportunities in the Arabica-

Robusta price spread. If traders expect the premium to shrink, they will short Arabica and/or 

long Robusta. The rationale is that high Arabica prices provide incentives to farmers to plant 

more, while roasters substitute with Robusta. Hedging with Robusta is common in this 

occasion: coffee roasters may blend more Robusta when Arabica gets pricier (Nhung et al., 

2020). On the other hand, if traders expect the premium to grow, they will long Arabica and 

short Robusta. 
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4. Empirical Results 

Figure 2 presents the wavelet power spectrum for Arabica and Robusta coffee returns during 

2010-2025 for each timescale. Warmer colors represent regions where episodes of variance are 

more intense, while milder colors indicate less volatile patterns.  

Figure 2: Arabica exhibits greater and sporadic episodes of variance during 2010- 2025

 

Arabica coffee exhibits sporadic episodes of variance mainly at short and medium timescales. 

During 2013 and late 2019, returns appear to have a noncontinuous but more long-lasting 

variance. Robusta coffee exhibits a less volatile behavior in returns. Partial episodes of variance 

are observed at short scales and mainly during 2010-2011, and again in 2024. Between the two 

markets, Arabica returns present a more volatile pattern at high frequencies, with no major 

changes exhibited during crisis periods. The higher vulnerability of the Arabica market is 

associated with the sensitivity of production to weather conditions and diseases Dias et 

al. (2024). 

  

4.1 Wavelet Spectrum and Wavelet Coherence for returns 

Figure 3 presents the wavelet coherence between the two varieties. Warmer colors imply 

stronger coherence and milder colors suggest lower coherence. Arrows represent the phase 

difference between commodities, indicating local lead-lag relationships. Gouhier et al. (2013) 

describes the direction of the arrows as follows: arrows pointing to the right indicate the same 
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direction, while arrows pointing to the left indicate the opposite direction. Therefore, left-

downward and right-upward arrows indicate that the first variable of the pair leads and the 

second lags. However, left-upward and right-downward arrows indicate that the second 

variable leads and the first lags. Phase Arrows at all timescales are pointing right, implying 

positive relationships between Arabica and Robusta. At short horizons (2-8 days), there are no 

major episodes of statistically significant weak or strong coherence. At medium horizons (8-

64 days), partial and short-lived episodes of coherence are observed, particularly during the 

pandemic period and during 2023-2025. The relationship between them became stronger 

compared to high frequencies. Therefore, in 2020, most arrows point right-upward, suggesting 

that Arabica leads and Robusta lags during the COVID-19 pandemic. Although between 2023 

and 2025, arrows are mixed with areas where Robusta leads and Arabica lags (right-

downwards). This shift may be associated with the narrowing spread between the two varieties 

in recent years, as the lower Arabica premium suggests a relatively stronger role of Robusta in 

their price dynamics. At long horizons (128-256 days), the coherence remains strong with more 

long-lasting episodes, especially during 2020-2025. Consistently, at lower frequencies, the 

lead-lag relationship indicates that Arabica leads after the pandemic. 

Figure 3: Wavelet Coherence: Arabica and Robusta coffee returns

 

 

4.2 The WLMC results for returns 

Figure 4 shows the scale-dependent and time-varying correlation coefficients for Arabica and 

Robusta returns. The green line represents the estimated correlation relationship, and the red 

dashed lines represent the 95% confidence interval. The shaded regions correspond to the three 

sub-periods (Pre-Covid, Covid-19 and the Russia-Ukraine war). For the small timescales 

(namely 2-8 days), the correlation is positive, statistically significant, and increases between 

2012 and 2022 (increased demand during the Covid-19 crisis). During 2022-2025, the green 

area captures a small downward trend in correlation, with values not falling below 0.50. In 

2024, major supply disruptions related to adverse weather conditions affected both markets, 

although the short-term effect on their correlation remains weak (e.g., dry and hot weather in 

Brazil and Vietnam) FAO (2025). At medium horizons (between 16 and 64 trading days), the 

correlation remains positive and statistically significant, reaching the lowest values in 2012, 

close to 0.25; however, it appears to be volatile during the pandemic and the war period. 
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Interestingly, while at smaller timescales correlation reached 0.76, during the COVID-19 

period, medium horizons exhibited lower values close to 0.30. The reverse pattern is observed 

during the War period, where correlations at high frequencies reached 0.50, whereas at medium 

frequencies increased to 0.75. However, this sub-period coincides with supply and weather 

issues in major producing countries. Hence, the stronger correlation at medium horizons may 

capture broader common market conditions rather than the effects of war alone. The influence 

of the pandemic on the Arabica-Robusta relationship is scale-dependent rather than uniform, 

as COVID-19 affected multiple stages of the coffee value chain and its effects are emerging 

over time Hernandez et al. (2020). By contrast, the correlation pattern observed during the war 

period suggests that short horizons capture the influence of market-specific factors (weather 

shocks or different supply disruptions in producing countries), while longer horizons show 

common demand and macroeconomic shocks Gilbert (2010).  

Figure 4: WLM correlations of returns between Arabica and Robusta Coffee

 

At longer horizons (128-256 days), the volatile pattern has disappeared, and correlation retains 

a strong and stable level for most timescales. Importantly, a sharp decline appears towards the 

end of the sample, in the war sub-period. In line with the long-term pattern, shared 

fundamentals and common macroeconomic factors such as global demand shocks and changes 

in the USD can contribute to the strengthening of their relationship Hernandez et al. (2020). 

On the other hand, at short horizons (especially during crisis periods), extreme movements may 

appeal to temporary speculators, whose trading activity has exhibited causal effects on prices 

for both varieties Ngure and Watanabe (2024). In general, the multiscale pattern of correlation 

between the coffee varieties is consistent with (Fousekis and Grigoriadis, 2017, 2022; 

Stavrakoudis and Panagiotou, 2016). Compared to Arabica varieties, Arabica and Robusta tend 

to co-move more weakly. The former study highlights asymmetric dependence between 

Arabica and Robusta, reinforcing the instability in correlation observed in our results, 

especially at medium horizons. 

Figure 5: The Dominant Heatmap of returns 
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Figure 5 shows the dominant heatmap of returns for the Arabica-Robusta pair. In the WLMC 

framework, the dominant variable is defined as the most dependent, indicating which coffee 

variety maximizes the local correlation on each timescale (Martínez et al., 2018). Dominance 

is also associated with phase differences, indicating whether the dominant variable tends to 

follow (locally) the changes of others (Martínez et al., 2018; Polanco-Martínez, 2023). White 

areas represent statistical insignificance. The larger part of the heatmap is covered by Arabica 

coffee. Before 2018, at short and medium horizons, Arabica held almost absolute dominance 

(e.g., (2-4) timescale in 2015). Robusta appears to have more frequent dominance patches in 

the post-pandemic period and mostly at high frequencies. The less frequent dominance of 

Robusta is consistent with evidence that shows spillovers between Arabica and Robusta are 

generally weaker than those observed in Arabica Fousekis and Grigoriadis (2022). The 

dominance of Arabica suggests that the adjustment in the Arabica-Robusta linkages is more 

strongly reflected in Arabica returns. Therefore, given the phase difference implied by the 

WLMC framework, Arabica returns tend to follow or adjust sequentially to the common 

dynamics of the two varieties. A plausible explanation for the dependent role of Arabica is 

associated with the substitutability between the two coffee varieties. Since Arabica and Robusta 

are commonly used in coffee blends, market participants closely monitor their relative prices. 

When shocks in Arabica occur, its prices become relatively more expensive than Robusta, 

leading roasters to substitute a part of their blends (or whole) with Robusta. This, in turn, 

triggers changes in demand across the two markets and puts pressure on prices to re-adjust. 

This mechanism tends to push the relative price relationship back toward a more sustainable 

level. The local maximization of correlation in Arabica means that Arabica more strongly 

incorporates changing demand conditions between the two markets and adjusts in order to 

restore the long-run equilibrium. Fousekis and Grigoriadis (2022) provide evidence that shocks 

generated from higher quality varieties tend to be transmitted to lower quality, contributing to 

the stability of their relative price relationship. 

4.3 The WLMC results for volatility 

Figure 6 presents the realized volatility (squared returns) (Andersen and Bollerslev (1998)) for 

the Arabica-Robust pair across timescales and horizons. At high frequencies, the correlation of 
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volatility remains positive and statistically significant. Synchronized volatility dynamics in 

multiple investment horizons provide useful information to investors and traders, suggesting 

more informed hedging, diversification, and risk forecasting decisions. The positive correlation 

indicates that the two markets present synchronized movements in their volatility levels 

(periods of high or low fluctuations tend to occur together). For timescales up to two weeks, 

correlations present a similar moderate and positive pattern with no clear upward or downward 

trend. However, timescales up to one month present a highly volatile pattern (especially during 

64-128 days) with repeated upward and downward movements per year. Interestingly, in 2013, 

at most timescales, correlations are statistically insignificant. For the timescale (128-256], 

before 2013, correlations are negative and statistically significant and shift to positive, with 

strong fluctuations over the years.  

Figure 6: WLM correlations of volatility between Arabica and Robusta Coffee

 

Negative correlations may be associated with different responses in Arabica compared with 

returns. ICO (2012) reported that increased prices are observed in Arabica during 2012, while 

Robusta noted a modest rise. At all timescales, correlations during the pandemic strengthen as 

the timescale increases. On the other hand, during the war period, the correlation of volatility 

remains moderate as the timescale increases. The Russia-Ukraine war caused increased 

production costs due to higher energy and fertilizer prices, which in turn increased the cost of 

agricultural inputs, affecting global food markets (including coffee) Food and Agriculture 

Organization of the United Nations (FAO) (2023). Lower production and disruptions related 

to weather in Brazil were behind volatility in Arabica prices, while Robusta was partially 

stabilized owing to increasing exports from Vietnam and Indonesia World Bank (2022). In 

recent years, at all timescales, the correlation has increased significantly, reversing from a 

downward trend to an upward trend. 

Figure 7 presents the dominant heatmap for realized volatility. Similar to the heatmap of 

returns, Arabica coffee dominates in the majority of the timescales and years. More frequent 

episodes of Arabica’s dominance appeared at short and medium horizons, suggesting that, due 

to the phase-difference, Arabica volatility tends to follow the volatility of the Robusta market. 

In this framework, Arabica appears to be a recipient of instability from the Robusta market. 
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Volatility shocks are more often reflected in Arabica as the market adjusts more strongly in 

order to maintain the dynamic linkages between the two markets. When the price of Arabica 

becomes too high relative to Robusta, roasters, especially for mass-market 

blends, have an incentive to blend in more of the cheaper Robusta to cut costs. This increased 

demand for Robusta pushes its price up, while the reduced demand for the overpriced Arabica 

pulls its price down. 

Figure 7: WLM correlations of realized volatility between Arabica and Robusta Coffee 

 

 

5. Conclusions 

The present study examines price linkages in the futures markets of Arabica and Robusta coffee 

varieties with the utilization of wavelet frameworks. Wavelet coherency, wavelet spectrum, 

and Wavelet Local Multiple Correlation approaches are applied to capture scale-dependent and 

time-varying relationships of returns and realized volatility for the Arabica-Robusta pair. 

Dominant heatmaps are used to identify the most dependent variable between the varieties. 

Data are daily closing futures prices (front-month) of Arabica and Robusta coffee from 

01/01/2010 to 31/10/20252025. The empirical results reveal evidence of a positive and 

increasing correlation as the timescale increases. More specifically:  

• Wavelet Power Spectrum exhibits more frequent and long-lasting variance episodes (during 

2010-2025) at medium scales for Arabica than for Robusta. Both varieties exhibit increased 

volatility at all timescales during 2024-2025 due to severe supply disruptions related to 

adverse weather conditions, such as dry and hot weather in Brazil and Vietnam.  

• Wavelet Coherency reveals a positive relationship between Arabica and Robusta, especially 

at medium and low frequencies. The lead-lag relationship shows no clear leader over the 

sample period, as local phase arrows change. In the long run, Arabica tends to hold the 

leading role during 2023-2024, while Robusta tends to lead mostly at medium scales. 
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• Results of the WLMC method reveal that correlation of returns tends to increase from 

shorter to larger scales, with highly volatile patterns during medium horizons. During the 

Covid-19 pandemic, the correlation was lower at short scales and higher at large scales, 

while the reverse pattern was shown in the early years of the Russo- Ukrainian war.  

• Correlation of realized volatility is moderate for most timescales, with statistically 

insignificant or negative correlation values near 2012. The realized volatility strengthened 

during the pandemic, while decreasing at the beginning of the War period. Weather 

conditions in major producing countries and increased production costs due to higher energy 

prices (due to the War) may have contributed to a partial weakening of the volatility 

relationship between Arabica and Robusta, as the two markets responded differently to 

supply conditions.  

• Dominant heatmaps show that Arabica is the most dependent variable, maximizing the local 

multiscale coefficients in their relationship. The dominance of Arabica at most timescales 

indicates that adjustments in the Arabica-Robusta linkages are more strongly reflected in 

Arabica returns. This may be attributed to the substitution between the two varieties, as 

Arabica tends to follow their common dynamics to re-adjust to the long-run equilibrium. In 

summary, symmetrical linkages are driven by macro-factors affecting the entire coffee 

complex (USD strength, global demand, logistics costs). On the other hand, asymmetrical 

exceptions can be driven by micro-factors specific to one bean, such as weather in a key 

growing region, as well as diverging demand patterns. The substitution effect acts as the 

primary economic force that re-correlates them after a divergence. Therefore, while Arabica 

and Robusta prices trend together on a macroeconomic tide, they are frequently jolted apart 

by specific supply and demand shocks, only to be pulled back into a relative balance by the 

mechanics of the market. Future work may explicitly examine the effects of the COVID-19 

and/or the Russo-Ukrainian conflict on the Arabica - Robusta price linkages. 
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Appendix 

Figure 8: Raw and backward-ratio-adjusted log-returns of Arabica and Robusta varieties 

 

Table 1: Augmented Dickey-Fuller (ADF) Test 

 Constant Constant & Trend 

Levels   

Arabica -1.2328 -1.4887 

Robusta -1.2011 -1.5635 

First Differences   

𝛥Arabica -44.880*** -44.885*** 

𝛥Robusta -43.622*** -43.619*** 
 

Notes: 𝛥 denotes first differences. , , indicate rejection of the null hypothesis of a unit root at the 1% (-

3.43), 5% (-2.86), and 10% (-2.56) significance levels, respectively. 

 

Table 2: Phillips–Perron (PP) Test 

 Constant Constant & Trend 

Levels   

Arabica -1.2883 -1.5428 

Robusta -1.2110 -1.5788 

First Differences   

𝛥Arabica -65.851*** -65.854*** 

𝛥Robusta -62.488*** -62.483*** 

 

Notes: 𝛥 denotes first differences. , , indicate rejection of the null hypothesis of a unit root at the 1% (-

3.43), 5% (-2.86), and 10% (-2.56) significance levels, respectively. 
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