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Abstract: The U.S. imports about two billion dollars of fresh bananas, accounting for over 99 percent
of domestic banana consumption annually. The COVID-19 pandemic disrupted the fresh banana
supply chain and caused unexpected price movements along the marketing channel. This research
investigated the impact of the COVID-19 pandemic on price adjustments in the U.S. fresh banana
market. A Vector Error Correction (VEC) model was employed to evaluate the speeds of price
adjustments along the U.S. banana marketing channel at the import and retail levels, and historical
decomposition graphs were used to investigate the magnitude of price adjustments caused by the
COVID-19 shock. The results show that the deviation from the long-run equilibrium caused by
the shock was corrected faster for the import prices than retail prices. Hence, the speeds of price
adjustments were asymmetric in the period of the COVID-19 shock. Additionally, the magnitudes
of price changes caused by the pandemic shock were different, leading to increased price margins.
These results point to the inefficiency of the banana marketing channel with welfare, policy, and
agribusiness implications.

Keywords: price transmission; U.S. banana market; Vector Error Correction model; structural breaks;
historical decomposition graphs

1. Introduction

Banana tops the list of the most popular fresh fruits consumed in the U.S. It is also
one of the top five leading fruits imported in the U.S. Due to fresh bananas’ delicate and
perishable properties, the U.S. imports fresh bananas predominantly from Latin American
countries because of their proximity. Other benefits include minimizing transportation costs
and time wastage during banana distribution due to the production countries’ converging
import policies [1]. Ecuador, Guatemala, Costa Rica, Columbia, Mexico, and Honduras
are the primary supplier of fresh bananas to the U.S., with Guatemala as the leading
supplier [2].

During the outbreak of the novel coronavirus (COVID-19), there was an unprecedented
decline in global economic activity. Actions to minimize the virus’s rapid spread led to
the lockdown of country borders, which resulted in a reduction in international travel
and trade, causing bottlenecks in supply chains. There was also an implementation of
physical distancing measures to slow down the spread of the coronavirus, which was
unfavorable for relatively labor-intensive production, processing, and trade of tropical
fruits [3,4]. Delays in supply chains had adverse effects on tropical fruits.

There was shrinkage of fruits in transit, which affected fruit quality and reduced
shipments’ weight and economic values received by importing countries. Quarantine-
related delays at ports and borders, high shortages of reefer containers, and airfreight belly
capacity slowed down the transportation and trade of agricultural products. At the same
time, market closures interrupted accessibility to local and national distribution outlets. In
addition, the disruption of input factories and importation routes led to increased wastage
reports, particularly for delicate, perishable, and less traded fruits [4].
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The U.S. is the largest importer of fresh bananas impacted by the COVID-19 shock. In
this research, we analyzed the price linkages between import- and retail-level banana prices
to provide empirical evidence regarding price transmission in the fresh banana marketing
channel during the COVID-19 pandemic. Price is the principal factor by which various
levels of markets are linked [5]. We examined dynamic price adjustments and the possible
presence of asymmetric price transmission between import- and retail-level banana prices
during the COVID-19 shock. The price behavior along the supply chain showed the effects
of the exogenous shock on different stages of the banana marketing channel and provided
information on market integration and efficiency.

The investigation and understanding of banana market price interactions and ad-
justments help economic agents and policymakers anticipate price movements along the
marketing channel in advance of exogenous shocks such as COVID-19 to implement appro-
priate strategic responses and policies to establish required conditions for market efficiency
and integration. This research attempted to answer the following research questions: Is
there a significant lag in the speed of price adjustments along the fresh banana supply
chain? The research investigated whether there was a price asymmetric adjustment along
the fresh banana marketing channel during the COVID-19 period using the VEC model.

Additionally, we examined and measured the magnitude of price adjustments caused
by the COVID-19 pandemic. We used historical decomposition graphs to estimate the
magnitude of price adjustments due to the pandemic shock. We investigated how different
stages of the U.S. banana market adjusted in response to the shock and how prices at the
retail level responded to changes in the import-level prices.

The results reveal differential effects of the COVID-19 pandemic on the speeds and
magnitudes of import and retail prices along the fresh banana supply chain, pointing to the
inefficiency of the U.S. fresh banana marketing channel. The deviation from the long-run
equilibrium was corrected much faster for the import banana prices than retail prices. This
study concluded that speeds and magnitudes of price adjustments at the import and retail
levels during the period of the pandemic were asymmetric, increasing the margins with
welfare and policy implications.

The rest of this research is organized as follows: The next section provides the back-
ground and literature review; then, conceptual framework and empirical methods are
presented. The following section provides the details of the methodology and model speci-
fications; then, the dataset and data sources are described. The following section discusses
the empirical results. Finally, conclusions and implications of this study are presented.

2. Background and Literature Review
2.1. U.S. Banana Market

The U.S. local production of fresh bananas in Hawaii and Florida is minimal. In
2019, its estimated production was 3400 tons for an estimated 300 hectares [6]. Due to the
negligible production, the banana has become the leading fresh fruit imported by the U.S.
from Latin America (Figures 1 and 2) [2,7]. Guatemala has remained the top supplier of
fresh bananas to the U.S. since it overtook Costa Rica in 2004. Costa Rican banana exports
to the U.S. market declined due to a combination of factors such as harsh weather, which
also disrupted production and new opportunities to export to the EU markets. On the other
hand, Ecuador has maintained its relative position as the third-largest supplier of fresh
bananas to the U.S [8].

A few huge players, i.e., big businesses, control the world’s fresh banana market.
Dole Food Company, Chiquita Brands International, and Del Monte Fresh Produce are the
world’s three biggest growers and exporters of fresh bananas.

Only a few huge international corporations are involved in fruit cultivation, process-
ing, purchasing, transportation, and marketing, making this market oligopolistic. These
businesses are vertically integrated, having banana plantations in nearly every banana-
producing region. They own plantations, shipping, and ripening facilities, and have built
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their own distribution networks, providing them with significant economies of scale and
market strength in the banana markets [1].

Figure 1. Imports of fresh bananas from major Latin American countries (Guatemala, Costa Rica,
Ecuador, Honduras, Mexico, and Colombia). Source: USDA, Foreign Agricultural Services, Global
Agricultural Trade System.

Figure 2. The five leading fresh fruit exporters to the U.S. Sources: USDA, Economic Research
Service, USDC, Bureau of the Census data compiled by USDA, Foreign Agricultural Services, Global
Agricultural Trade System.

2.2. Literature Review
2.2.1. Vertical Price Transmission

Vertical price relationships are usually demonstrated by the magnitude and speed
of price adjustment along the supply chain. The magnitude and speed at which prices
adjust to shocks depend on several factors, such as the nature of the product, market
structure, contracts, and actions of market agents (wholesalers, distributors, processors,
and retailers) linking markets at different levels [9]. There are many studies focused on
vertical price transmission, and the extent to which price adjustment may be asymmetric
has been explored extensively as commodity markets have become more concentrated and
integrated at each level [10–14], among many others. Peltzman argued that asymmetric
price transmission is a rule and should not be classified as an exception [15]. He concluded
that since asymmetric price transmission is common in most producer and consumer
markets, standard economic theory that does not account for this phenomenon should be
classified as incorrect.

Figure 3 summarizes the concept of price transmission. It illustrates a positive and
a negative shock of the same magnitude in one period, t1, to an input price, Pi, and
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the adjustment in output price, Pj. In the figure, the shock’s initial incidence is on the
commodity’s producer price, and the impulse is transmitted according to some underlying
process to the retail price. The ∆P+ and ∆P− are positive and negative shocks of the same
magnitude to the producer price, ∆Pjm is the adjustment in the retail price to the positive
producer price shock, ∆Pjn is the adjustment in the retail price to the negative producer
price shock, and ∆tjk is the time lag for adjustment in the retail price to the positive producer
price shock. At the same time, ∆tjl is the time lag for adjustment in the retail price to the
negative producer price shock [9].

Figure 3. Illustration of an asymmetric vertical price transmission. Source: Analysis of Price Trans-
mission along the Food Chain, OECD Food, Agriculture, and Fisheries.

Summarily, ∆P+ > ∆Pjm, i.e., relative positive producer price change, is more significant
than retail price change. In this case, the initial price increase at one level has not been
fully transmitted up the supply chain, while ∆P− < ∆Pjm, i.e., a relative negative change in
producer price, is less than the change in retail price.

2.2.2. Empirical Research on Price Transmission

The literature on vertical price transmission is vast, and the studies covering the
impact of COVID-19 on international travel and trade and its effects on the U.S. economy
and the rest of the world are many [16,17] The agricultural commodity markets and their
supply chains under the COVID-19 pandemic have been analyzed for market demand
condition changes and trends, given the supply chain disruptions due the pandemic
shock. The pandemic led to physical distancing measures, labor shortages, agricultural
productivity decreases, and lockdown policies, which crippled supply chain efficiency,
leading to price increases, job losses, and decreases in income streams, shortages of food,
changes in consumer demand patterns, and a higher risk of facing a recession [18,19].

The core objective of price transmission is to highlight the adjustments of prices
due to market shocks at different stages of the marketing channel. The speeds at which
prices adjust along the vertical supply chains of commodity markets determine the level
of efficiency of those markets. Vavra and Goodwin [9] and Lloyd [20] reviewed several
research articles outlining the econometrics methods employed. They have discussed in
detail the underlying trends in price transmission literature across different agricultural
food markets.

Rosa et al. [21] used time series analysis to investigate the presence of market inter-
actions and price transmission between two spatially separated markets (the U.S. and
Italy) for crude oil and top traded agricultural commodities such as wheat, corn, and
soybeans. This study employed the VEC model and cointegration to analyze the spatial
market relationship and price transmission using weekly spot prices of the three agricul-
tural commodities as well as oil prices. They checked for evidence of structural breaks
using the Zivot–Andrews breakpoint test. Their results indicate asymmetric speeds of price
adjustments for crude oil and the agricultural commodity prices.
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Rojas et al. [22] investigated the price response of retailers to wholesale- and farm-level
prices and compared that against Keith Collins’ assertion at a congressional hearing. This
research uses quantity-weighted prices obtained from the Economic Research Service (ERS)
of USDA and weekly scanner data to argue that retailers are more responsive to price
changes along the supply chain than the evidence from the Bureau of Labor Statistics (BLS)
data suggests. They employed a VEC model and cointegration. Their results show that
ERS prices responded more promptly than the BLS prices. The ERS retail prices adjusted
significantly to changes in the wholesale prices, while the BLS prices did not. Overall, the
findings confirm an asymmetric price relationship between retail and wholesale prices
using both BLS and ERS price sets. Their result is not incongruent with similar studies,
which they acknowledged might be a result of the short time period of pricing data used in
their research.

Pozo et al. [23] studied the merits of using weekly or monthly BLS, and scanner
price datasets for retail-level prices. Their research used a threshold VEC model with a
unidirectional relation along the supply chain—farm to wholesale to retail levels. Their
scanner data results indicate a symmetrical price transmission relationship along the U.S.
beef supply chain, indicating the efficiency of the U.S. beef market. Their finding is similar
to Rojas et al. except that the outcome from their BLS datasets suggests price asymmetry in
the U.S. beef supply chain.

Darbandi and Saghaian [10] studied the impact of the great recession along the U.S.
beef supply chain. They used the VEC model and historical decomposition graphs to
analyze price transmission on monthly prices along the three stages of the supply chain—
farm, wholesale, and retail levels. The results of this research led to the conclusion that
the U.S. beef market was inefficient given the presence of a significant level of asymmetric
speeds of price adjustment. The great recession had a significant impact on the beef market
with the magnitude of the shock differing across different stages of the beef supply chain.

2.2.3. Price Transmission during the COVID-19 Pandemic

For the duration of COVID-19, there was little research carried out on price transmis-
sion for different agricultural markets in the U.S. One exception is Erol and Saghaian [24],
who assessed the dynamic price transmission in the U.S. beef supply chain, using a VEC
model and historical decomposition graphs to analyze the effects of COVID-19 on the
speeds and magnitudes of price adjustments at different stages of the U.S. beef supply
chain. This study accounted for the presence of endogenous structural breaks in the price
series over the studied period. The results highlight a differential impact of the COVID-19
shock across the different stages of the supply chain with asymmetric price adjustments.
They showed that farmers and consumers bear the adverse effects of the pandemic shock,
while the wholesale- and retail-level prices were shown to be positively affected by the
pandemic shock. However, the wholesale-level prices were found to adjust faster than
the retail prices. Overall, the beef market showed significant evidence of price asymmetry
along different stages of the marketing chain due the pandemic shock.

2.2.4. Causes of Asymmetric Price Transmission

Different researchers have presented several different reasons in an attempt to explain
the causes of price asymmetries and imperfect pass-through of prices. Ball and Mankiw [25]
asserted that inflation and nominal input price shocks might lead to resistance to altering
prices. Bailey and Borsen [26] underlined that price asymmetry may occur because of
uneven price changes in the underlying cost of adjustments. Ward [27] added that retailers
selling perishable and short-shelf goods might often be reluctant to adjust prices positively
to match farm-level price changes given the risk of good spoilage.

Hein [28] argued that altering prices for long-lasting products could cause a loss of
goodwill. It was found that the fear of being “out of line” with their market competitors
when costs change keeps merchants in check, indicating asymmetric responses to cost
increases and decreases [29,30]. In addition, price asymmetry might occur due to inventory
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management. To avoid running out of stock, retailers may reduce their prices more slowly
than the reduction in farm-level prices [31,32]. Weldegebriel [33] argued that imperfect
price transmission is not limited to the presence of oligopoly and oligopsony power. He
highlighted that the key factors affecting price transmission are the functional forms of
retail demand and farm input supply.

Additional reasons for price asymmetry can be ascribed to market power, transactional
and transport cost, increasing return to scale, product differentiation, exchange rates, border,
and domestic policies [34,35]. To the best of our knowledge, there is no research in regard
to price transmission along the banana supply chain in the U.S. banana market. The study
fills this gap and examines the dynamic price transmission along the U.S. fresh banana
supply chain—from the import to the retail levels, using a VEC model to evaluate the
speeds of price adjustments at different levels of the U.S. banana market, and historical
decomposition graphs to analyze the magnitude of the impact of the COVID-19 pandemic
on the import and retail price series of the fresh banana marketing channel.

3. Materials and Methods
3.1. Conceptual Framework and Estimation Approach

The basic model adopted by several researchers to study vertical price transmission
was introduced by Wolffram and modified by Houck [36,37]. Based on the Wolffram–
Houck specification, the relationship between two price levels, Pi and Pj, can be estimated
mathematically by the following equation:

∑T
t=1 ∆Pi,t = β0 + β + ∑T

t=1 ∆Pj,t+ + ∑Tτ

t=i ∆Pj,t− + ε (1)

where ∆P+ and ∆P− show the positive and negative changes in prices, respectively.
β0, β+, and β− are coefficients (If β+ and β− are equal, then the price transmission is

symmetric). τ is the time period.
This model has been criticized because it ignores the non-stationary nature of the time

series data. In other words, research that was analyzed using only the “Wolffram–Houck”
model specification has a limitation of first-order autocorrelation. This is because of the non-
stationarity nature of time series data, leading to spurious and inconsistent regression [38].
The stationarity test was first applied to avoid the limitation of spuriosity and inconsistency
in the regression carried out in this research. Then, an appropriate model was used to check
the price relationship. The Augmented Dicky–Fuller (ADF) test, which is widely employed
in empirical analysis, was used in this paper to test for stationarity in the variables because
it considers the possibility of higher-order correlation by assuming that a series follows an
autoregressive (AR) process. The null hypothesis of the ADF states that the series is not
stationary, i.e., “the series has a unit root”, and the mean and variance are not constant over
time [39].

Peron discovered that the results of the unit root tests could be altered by the presence
of structural breaks in the time series data. Ignoring structural breaks in estimation could
result in unreliable estimates for price relationships. To address this issue, the study
used the Phillips–Peron (PP) approach and Zivot–Andrews unit root test to obtain the
reliable estimates given the presence of endogenous structural breaks [40,41]. The rejection
of the null hypothesis implies that the price series are stationary. Stock and Watson
recommend the application of multiple methods when testing for cointegration between
time series variables. This research applied the Autoregressive Distributed Lag (ARDL)
and Johansen’s cointegration test to determine if a long-run relationship existed among the
price series [42,43].

We used the ARDL “bound test” to determine the presence of a long-run relationship
between the two price series, i.e., the import prices and the retail prices, using the Wald test
(F test) to test the null hypothesis that the coefficients across both price series were equal to
zero. Then, the F-statistics value was compared with the critical value. If the F statistics
fell above the upper critical value, the null hypothesis was rejected. This implies that a
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long-run relationship existed between both price variables. However, if the F-statistics
value fell below the lower-bound critical value, we failed to reject the null hypothesis
and concluded that no cointegration existed between the variables. Furthermore, the
decision was inconclusive if the F statistics fell between the lower- and upper-bound critical
value [44–48].

The Johansen technique is prevalent for estimating series’ cointegration relationships.
Its procedure relies on the relationship between the rank of a matrix and its characteristic
roots [49,50]. Johansen suggested starting with the vector autoregressive model (VAR) in
selecting the appropriate number of lags based on the likelihood ratio test. According
to the Engle–Granger Representative Theorem, if the two series (i.e., the import- and the
retail-level price) are cointegrated, they will be most efficiently represented by an error
correction specification [9]. The Vector Error Correction model is specified as follows:

∆Xt = α0 + ∑k−1
i=1 Γi ∆Xt−1 + ΠXt−k + εt (2)

where X is a p-element vector of observations of all variables in the system at the time t, α0
is a vector of intercept terms, Γi∆Xt−1term accounts for stationary variation related to the
history of variables, and the Π matrix contains the cointegration relationship.

In this research, X is a 2 × 1 matrix since there were two price series (import- and
retail-level price). All variables were non-stationary at all levels, and it was hypothesized
that Π = αβ′ where “β” is a matrix combining the cointegration vectors. This cointegration
requires that the β matrix contain parameters such as Zt, where Zt = β′Xt is stationary. The
β matrix contains the cointegration vector, representing the underlying long-run relation,
and the α matrix represents the speed at which each variable changes to return to its
respective long-run equilibrium after a temporary shock [10,13,50,51].

3.2. Data Description

The import-level monthly price data used in this research were collected from USDA,
Foreign Agricultural Service, spanning two decades (from January 2001 to December 2020),
while the monthly retail price data were obtained from the U.S. Bureau of Labor Statistics,
which is a good data source for this research. The monthly retail price data used for this
analysis also span from January 2001 to December 2020. Table 1 presents descriptive
statistics of the price series, and Figure 4 depicts the trends.

Table 1. Descriptive statistics of continuous price data (from 2001 to 2020).

Import Price Retail Price

Mean 0.37 0.56
Median 0.43 0.57

Maximum 0.63 0.64
Minimum 0.25 0.46
Std. Dev. 0.08 0.04
Skewness −0.11 −0.26
Kurtosis 1.8 1.72

Observations 240 240
Source: Research calculation. All nominal data are in cents per pound.
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Figure 4. Import- and retail-level price trend (from 2001 to 2020). Source: research data analysis.

4. Empirical Results and Discussions
4.1. Stationarity Test

As discussed earlier in this research, it is necessary to check the nature of time series
data to ascertain if they are stationary or non-stationary before running the pass-through
regressions. For this purpose, this research used ADF and PP tests, and the results are
reported in Table 2.

Table 2. Stationarity test result.

Test ADF ADF PP PP

Variables Level First Difference Level First Difference

Import-Level Prices −1.582 −8.822 *** −1.828 −23.920 ***
Retail-Level Prices −1.867 −15.302 *** −1.905 −15.302 ***

Test critical values were −3.44, −2.86, and −2.56, respectively at 1%, 5% and 10%. *** indicates significance level
at 1%, 5%, and 10%, respectively. Source: research findings.

Also, the research used Zivot-Andrews unit root test to check for stationarity while
accounting for the presence of structural breaks. The result from this test is reported in
Table 3.

Table 3. Zivot-Andrews Unit Root Test allowing for Structural Breaks.

Variables Stat. Breakpoint Date

Import-Level Prices −7.7438 *** 2009M07
Retail-Level Prices −7.1872 *** 2008M02

Test critical values were −5.57, −5.08, and −4.82, respectively at 1%, 5% and 10%. *** indicates significance level
at 1%, 5%, and 10%, respectively. Source: research findings.

From the Augmented Dickey–Fuller and Phillips–Perron unit root test, all the series
were found to be integrated in one order. Hence, we proceeded to check the long-run equi-
librium or cointegration. For this purpose, this research used the Johansen cointegration
and ARDL test, and the results are reported in Tables 4 and 5, respectively.
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Table 4. Johansen cointegration test result.

Unrestricted Cointegration Rank Test (TRACE)

Null Hypothesis Eigen Value Trace Statistics 0.05 Critical Value Prob **

r = 0 ** 0.067597 20.49238 15.49471 0.0081
r ≤ 1 0.015983 3.834709 3.841466 0.0502

Unrestricted Cointegration Rank Test (Maximum
Eigen Value)

Null Hypothesis Eigen Value Max. Eigen Statistics 0.05 Critical Value Prob **

r = 0 ** 0.067597 16.65767 14.2646 0.0205
r ≤ 1 0.015983 3.834709 3.841466 0.0502

r is the cointegration rank. **: denotes rejection of the null hypothesis at 5% level of significance. Source:
research findings.

Table 5. ARDL test result showing short-run and long-run coefficients.

Import Price (IP) = Retail Price (RP)

F Statistics 7.523 **

Estimated Short-run coefficients of the ARDL (5,2)

Variable Coefficients Standard Error T Stat. Prob.

CointEq (−1) −0.6487 0.0407 −15.944 0
∆(Import Price[−1]) −0.6487 0.0407 −3.3538 0
∆(Import Price[−2]) −0.0769 0.0397 −1.9388 0.053
∆(Import Price[−3]) −0.0867 0.0375 −2.3101 0.021
∆(Import Price[−4]) 0.0722 0.0361 −2.0003 0.047

∆(Retail Price) 0.1622 0.1122 1.446 0.046
∆(Retail Price[−1] −0.2021 0.1109 −1.8225 0.069

Estimated Long-run coefficients of the ARDL (5,2)

Variable Coefficients Standard Error T Stat. Prob.

Retail price 0.9078 0.2036 4.4594 0
Constant −0.6714 0.1399 −4.9001 0

The upper limit of the critical value for the F test (all I(1) variables) was 5.73(5%) and 4.78(10%), and the lower
limit of the critical value for the F test (all I(0) variables) was 4.94(5%) and 5.77(10%). **: denotes 5% level
of significance.

4.2. Cointegration Test

Johansen’s cointegration test is a likelihood ratio test that ascertains the number of
cointegration vectors or rank (r). The results of the Johansen’s cointegration test reject
the null hypothesis r = 0. We failed to reject the null hypothesis that r = 1, indicating
that there was only one vector in the long-run relationship. This result agrees with the
theoretical assertion that the cointegration rank r can be at most one less than the number
of endogenous variables in the model [10,13]. Additionally, the Wald test statistic value
from the ARDL result fell above the upper critical value, leading to the rejection of the
null hypothesis. Thus far, we have ascertained that the variables were stationary at the
first difference level, and a long-run relationship existed between them. Therefore, we can
conclude that the VEC model is an appropriate model. The cointegration test results are
presented in Tables 4 and 5.

4.3. Causality Test

We tested for Granger causality between the two variables—import- and retail-level
prices—to determine whether the prices series at each level was useful in predicting the
price at the other levels in the supply chain. The model utilized a logarithmic functional
form, which is more flexible. The variables are expressed in a natural logarithmic form to
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reduce the outlier effects. The number of lags (5) used in this analysis was obtained from
the Akaike Information Criterion (AIC). The causality test results, as presented in Table 6,
imply that the import prices do not Granger-cause retail prices or vice versa. This means
that the two price series cannot be relied upon to predict each other. Hence, we failed to
reject the null hypothesis.

Table 6. Granger causality test results.

Null Hypothesis Observation F Stat. Prob.

Retail prices (in logarithmic form) 234 2.806 ** 0.018
Import Prices (in logarithmic form) 2.103 * 0.066

** and *: significance at 5% and 10%, respectively. Source: research findings.

4.4. Structural Breaks

The Quandt–Andrews breakpoint test for structural breaks revealed a sharp change in
the retail and import pricing data in February 2008 and July 2009, respectively, which was
the period of the great recession. The structural break period can also be confirmed visually
in Figure 4. To balance the data, the periods before and after a structural break in the
import price (I.P.) and retail price (R.P.) were represented with dummy (D) variables 0 and
1, respectively. Applying the rule of thumb, the Akaike Information Criterion (AIC) was
selected because it has the minimum value. This is different from the findings of Koehler
and Murphree [52]. They stated that applying the Schwarz Information Criterion (SIC) is
preferable because it leads to lower-order models for prediction. Hence, the optimal lag of
5 was used for the analysis, as indicated by the AIC. Table 7 provides empirical estimates
of the speed of adjustment for the two price series where import- and retail-level prices are
the dependent variables of the models.

Table 7. Empirical estimates of speed adjustment.

Variables ln (Import Price) ln (Retail Price)

Error correction term (ECT) −0.6496 (−15.470) *** −0.0278 (−0.175)
R-squared 0.773 0.165

Akaike AIC −4.426 −5.396
Schwarz SIC −4.219 −5.19

*** indicates significance level at 1%, 5%, and 10%, respectively. Source: research findings.

4.5. Speeds of Adjustment

The lagged error correction term coefficient is the short-term adjustment coefficient.
The degree to which prices adjust to reach long-run disequilibrium or how quickly the
system returns to its long-run equilibrium after a temporary shock is explained by the
adjustment coefficient. The coefficient of the retail point price was statistically significant,
while the coefficient of the import point price was statistically insignificant.

In this research, the speed of adjustment for the import-level price (−65%) was statisti-
cally significant at the 1-percent significance level, while the retail point price adjustment
(−2.8%) was statistically insignificant. This shows that the underlying period price devi-
ation from the long-run equilibrium is corrected in the current period at an adjustment
speed of 65 percent and 2.8 percent at the import and retail levels, respectively, and that
indicates an asymmetric price relationship in the speed of price adjustment with the import-
level prices adjusting significantly faster than the retail prices. This finding goes to show
that along the fresh banana marketing channel, the retail level is less efficient than the
import level as the retail price takes longer to reach the steady-state equilibrium after the
external shock, therefore implying that the burden of the shock falls predominantly on the
consumers. The results are presented in Table 7. The root graph (Figure 5) shows that all
points are within the circle boundary, which implies that the model is stable.
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Figure 5. The characteristic roots of the polynomial in the estimated VEC model.

4.6. Historical Decomposition Graphs

Historical decomposition graphs are based upon partitioning of the moving average
series into two parts:

Pt+j = ∑j−1
s=0 ΨsUt + j− s +

[
Xt + jβ + ∑∞

s=j ΨsUt + j− s
]

(3)

where Pt+j is the multivariate stochastic process, U is its multivariate noise process, and X
is the deterministic part of Pt+j. The first sum represents that part of Pt+j due to innovations
(shocks) that drive the joint behavior of banana prices for period t + 1 to t + j, the horizon
of interest, while the second is the forecast of price series based on information available
at time t, i.e., the date of an event. S is the counter for the number of time periods. The
historical decomposition graph measures the magnitude and reveals the short-run effects
of banana markets shocks on the prices [13].

The research used eviews software to extract the historical decomposition graphs. The
orange line represents the actual prices, and the blue line shows the predicted prices. It
is important to note that the COVID-19 pandemic influenced the actual prices, and the
dynamic impacts of any shock could last for a long time. However, the scope of this
study was limited to the period of the COVID-19 pandemic (i.e., from November 2019 to
December 2020). The results are shown in Figures 6 and 7.

Figure 6. The COVID-19 pandemic impact on retail-level price in the U.S. fresh banana market.
Source: research findings.

The COVID-19 virus was first discovered in Wuhan, China, in November 2019. How-
ever, the first case of this virus was confirmed in the United States in January 2020 [53]. In
the research, monthly data cutting across 14 months (from November 2019 to December
2020) were used for forecasting and testing the impact of the COVID-19 pandemic on the
fresh banana price.
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Figure 7. The COVID-19 pandemic impact on import-level price in the U.S. fresh banana market.
Source: research findings.

Overall, the historical decomposition results show that the COVID-19 pandemic shock
impacted banana prices; however, the impact was substantially different for the two price
series, which resulted in the widening import-retail price margins. At the import level, there
was a successive price drop against the forecasted price from March 2020 to September 2020,
while the reverse was the case at the retail level of the supply chain as there was an increase
in fresh banana price against the forecasted price from March 2020 to August 2020. The
observed finding is different from the finding of Hassan and Simoni [14] discovered that
shipping point price declines are transmitted entirely and faster than shipping point price
increases [14]. Their findings are in line with Ward [27], who asserted that the perishable
nature of agricultural commodities might be the primary catalyst of price asymmetry. Ward
added that retailers may be reluctant to increase the price of short-self goods proportional
to an increase in price at the producer level as they fear being unable to sell these perishable
goods within the period of their shelf life. However, the reverse appears to be the situation
given the outcome of this research. The producers are hesitant to adjust their prices
positively given the risk that they could be left with unsold spoiled bananas.

The historical decomposition graphs show that the retail prices were higher than the
forecasted prices for six-month time period, and the import prices were higher than the
forecasted prices for three-month time period. The fresh banana retail prices returned to
the forcasted prices after the fifth month, while import-level prices recovered over time
from the negative impact of the shock in the seventh month and then declined afterward.

While the import-level prices were affected negatively (i.e., decreased) during the
pandemic, the retail prices were positively affected (i.e., increased) by the pandemic shock
in the short run. The retailers enjoyed significant benefits of a price increase due to the
exogenous shock, with consumers paying higher prices for a more extended period and
producers receiving lower prices. The historical decomposition graph findings reveal the
magnitude of asymmetric prices for the fresh banana marketing channel due to the pan-
demic shock. Hence, both methods support the results of an asymmetric price transmission
along the supply chain in the U.S. fresh banana market.

4.7. Robustness Check

The estimated results of the VEC model show that the relevant coefficient for the speed
of adjustment at the import level was significant. However, if the error terms are serially
correlated, it implies that the estimated standard errors are not valid, and the coefficients
are biased. In this research, the robustness check was investigated using Breusch–Godfrey
(BG) test, which is based on the Lagrange Multiplier (LM) test. This test was adopted
against the Durbin–Watson (DW) test because the DW test is valid only when the model
has a constant term, the serial correlation is of the first order, and the lagged dependent
variable is not included in the model [10]. The test result reported in Table 8 shows that
the null hypothesis should not be rejected, which represents that there was no sign of
robustness in the analysis.
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Table 8. Serial correlation test results.

Breusch–Godfrey Serial Correlation LM Test

Null hypothesis: there is no serial correlation

F Statistics 3.2057 Prob. F 0.524
Source: research findings.

5. Summary, Conclusions, and Policy Implications

This study analyzed dynamic price adjustments in the vertical supply channel of the
U.S. fresh banana market using import- and retail-level monthly price series ranging from
January 2001 to December 2020. To analyze the dynamic price adjustments along the vertical
marketing channel, time series analyses, such as the cointegration test, VEC model, and
historical decomposition graphs, were employed to calculate the speeds and magnitudes of
price adjustments. ADF, PP, and Zivot–Andrews unit root tests were employed to analyze
the nature of the datasets, the Johansen cointegration and ARDL test were used to monitor
the long-run relationship of the two time series, the Quandt–Andrews breakpoint test was
used to determine the presence of structural breaks, and then the VEC model was used to
estimate the speeds of adjustments, while historical decomposition graphs were used to
analyze the magnitudes of price adjustment during the COVID-19 pandemic shock.

The results show that the import-level prices adjusted at a speed of 65 percent, while
the speed at which the retail price adjusted was statistically insignificant (2.8 percent).
The historical decomposition graphs reveal price asymmetry between the import- and
retail-level prices during the COVID-19 exogenous shock. The impact of the COVID-19
pandemic caused prices to decrease at the import level but increase at the retail level. As
such, retailers increased their price margins, with consumers bearing the burden of the
pandemic shock by paying higher than expected prices.

In general, price changes depend on transportation and transaction costs, economies of
scale, product differentiation, contracts, exchange rates, and import and domestic policies.
Over time, retail prices have returned to the expected market prices and import prices have
also gravitated to the forecasted price.

A possible explanation for the asymmetric price adjustment is that at the import
level, the COVID-19 lockdown affected international trade and caused a delay at ports
and borders, which led to the degradation of the quality and economic value of fruits in
transport. However, at the retail level, the COVID-19 shock induced panic buying and
an increase in fresh fruit consumption among consumers looking to boost their body’s
immune system against the virus and other diseases [4]. With the rise in demand, there
was a corresponding price increase.

Another possible explanation, shared by previous research [10,34,35], is the fact that
retailers in the marketing channel are concentrated and have market power. Hence, they
could “delay” passing the lower import prices to consumers. The U.S. banana marketing
channel is dominated by a few prominent players (firms) at the import and retail levels.
Firms at both levels possess strong market power and could implicitly collude on prices.
According to USDA import data, the U.S. imports over 99 percent of fresh bananas for
domestic consumption from Latin America through a supply chain dominated by large,
concentrated firms. The imperfectly competitive nature of this form of market structure
could be one of the reasons for the inefficiency of the U.S. banana market.

The limitation of this research is lack of wholesale prices to examine the reaction of the
wholesale-level prices to the pandemic shock and changes in prices, and exclusion of gov-
ernment policies. Furthermore, we recommend that future research in this area examines
the comparative advantage of domestically produced bananas and the opportunity cost
of allocating additional agricultural land for banana production. All things being equal,
an increment in the local banana production could help make the banana market more
competitive and efficient. Studies regarding the inclusion of vertically integrated domestic
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banana production with advanced technology could increase competition in the U.S. fresh
banana marketing channel.
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