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Abstract

This paper models the correlation between maize markets across Tanzania

in order to evaluate the benefit of pooling the risk to design a risk sharing

mechanism such as a revenue insurance at an affordable cost. To this end,

we employ a Copula-GARCH model on prices. We base our results mainly

through the VaR 1% and CVaR 1% on the distribution of prices returns per

region. Our results show that the correlation is relatively weak and the risk of

facing extreme prices is diversified by pooling several regions together. Given

the differences in terms of climatic conditions and production levels across

Tanzania, pooling only two regions from two different areas can be efficient to

significantly decrease the risk of facing extreme price changes.
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Introduction

Maize accounts for the major part of calorie intake and national production in Tanza-

nia. Food security and farmers income strongly rely on maize consumption (Wilson,

Lewis, 2015)[5], eg. on maize affordability and availability. Importantly, since it is

a rain-fed crop produced on a large proportion by small-scale farmers, it is likely

to be very exposed to weather variability and climate change consequences (Arndt

& al., 2012)[26]. Like in most rural areas affected by poverty, Tanzanian farmers

living with very small income has tend to be risk-adverse (Mosley, Verschoor, 2005;

Yesuf, Bluffstone, 2007)[28, 27]. Protecting farmers against maize price volatility is

therefore an essential challenge.

This paper aims at exploring maize prices correlation across the main markets in

Tanzania. We want to proof that, if price movements are weakly correlated, there is

potential for sharing the risk of extreme price increase or decrease by integrating the

markets. We focus on maize prices co-movement by using a Copula-GARCH model

that represents prices volatility by integrating pairwise correlations.

A major obstacle to protect farmers in developing countries against price and/or

weather shocks is that the risk is often highly correlated. However, the principle of

insurance is risk pooling, as defined by Mehr, Cammack and Rose (1985): ”Insur-

ance may be defined as a device for reducing risk by combining a sufficient number

of exposure units to make their individual losses collectively predictable.”[1] Hence,

insuring a strongly correlated risk means for an insurance company to have gathered
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a reserve large enough since all the payouts will occur simultaneously, and keeping

an important reserve is costly (Goussebäıle, Louaas, 2017)[30]. Crop insurance is

very costly and leaves little room to private insurance for three main reasons: moral

hazard, adverse selection, and high administrative costs (Knights and Coble, 1997;

Skees et al., 1997; Goodwin and Smith, 1995)[17, 18, 19]. With a high demand

for weather hazard protection in developing countries, publicly provided crop yield

insurances have been implemented with heavy government subsidization and have

failed mainly because of managerial issues (Hazell, Pomareda, Valdez, 1988; Skees,

Hazell, Miranda, 1999)[16, 20]. It has been shown for the case of China that spatial

diversification of weather risk could substantially lower the premium price by reduc-

ing the buffer load (Okhrin, Odening, Xu, 2013)[2]. In parallel, a study made for the

US case shows that efficient risk pooling is possible and effective for a private crop

insurance market if farmers insure their production for a minimum amount (Wang,

Zhang, 2013)[?].

Commodity prices are particularly affected by volatility for three major market

fundamentals (FAO, 2011)[23]:

• agricultural output varies depending on seasonal, weather and disease param-

eters;

• the demand for agricultural product is particularly inelastic, allowing prices to

vary a lot without affecting the demand;

• in case of important price shift, supply cannot respond immediately because

production takes considerable time in agriculture.
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Volatility becomes a serious threat to food security when consumers have a low

access to food. On the contrary, extremely low prices becomes an issue to farmers.

Since a major part of consumers are also farmers in Tanzania, both price movements

pose a significant threat to food security, as illustrated by for the 2007-2008 food

crisis (FAO, 2011)[?]. This observation is particularly true for less processed food

and is exacerbated in countries where social support remains virtually nonexistent.

Another key observation is that for traditional crops (such as millet, sorghum and

cassava), domestic prices have been more volatile during the crisis than marketed

crops (such as rice, wheat and maize). This is mainly explained by a lower reliability

in traded crops: the local food consumption of this variety of maize comes almost

only from local production, which is more vulnerable to weather and production fluc-

tuations. However in Africa, maize could almost be considered as a traditional crop

since African consumers eat white maize while the variety of maize traded on the

world market is yellow maize. Maize prices are consequently very prone to volatility

in Tanzania.

Our first result shows that the risk sharing among the regions is decreasing when

aggregating more and more regions. When comparing the Conditional Value at Risk

of the multivariate model to the univariate model, we decrease the risk by 0.058

when pooling only two regions, and by 0.157 for increasing prices 0.169 for decreas-

ing prices by pooling 10 regions. These benefits reaped by increasing the number of

regions pooled show that the risk is not very correlated. This correlation might at

least not be a major obstacle to the implementation of a risk sharing mechanism.

Consequently, one can infer from these results that we have a low probability of fac-
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ing extreme price changes at the same time for several regions. All the regions being

very unlikely to be affected by the same level of price volatility simultaneously, there

is room for sharing the risk of maize price volatility.

The second main result states that pooling only two regions with different climatic

conditions is sufficient to reduce the Value at Risk. Indeed, pooling several regions

relatively remote from each other in a same program can lead to high administrative

costs and/or can require a substantial amount of time to be fully implemented. We

compare the first and the last percentiles where we pool two regions taken in the

same area where the risk is higher (i.e. the South) and where we pool two regions on

opposite areas (North and South). Considering decreasing prices, the average first

percentile per region of the first case is equal to -0.20 and for the second -0.16. When

taking two regions in the less risky area (the North), the first percentile is reduced to

-0.14, but the gain obtained by reducing this percentile in the Southern area seems

to offset the loss.

The paper will be presented as followed: the next section describes the context

of maize in Tanzania and data used in the study. In the second part, we outline the

econometric method used to model prices. Finally, we show and explain the results

obtained in the third part.
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1 Context and data

1.1 Maize in Tanzania: an essential crop

Maize is a major staple food mainly produced by small-scale farmers, and is hence

at the core of food security and agricultural challenges in Tanzania (Wilson, Lewis,

2015)[5]. Additionally, with climate change increasing meteorological variability, par-

ticularly in Sub-Saharan African countries, crops may be strongly affected by weather

shocks in the future.

Representing half of the country’s total calorie intake, maize is the most impor-

tant food staple and a key crop ensuring food security in Tanzania. It is cultivated

both as a cash and a food crop: Tanzania is an important exporter of maize to

neighboring countries, although it is noteworthy that between 65 and 80% of all

maize production is consumed within the producing household. Roughly 85% of

producers are small-scale farmers holding a land of less than one hectare with poor

infrastructures.1 In particular, productivity is on average very low, with less than

one ton produced per hectare, compared to 5 tons per hectare on average globally.2

Moreover, being a rain-fed crop, maize is very sensitive to weather variation and its

producers are therefore highly vulnerable to extreme weather events.

The southern zone of Tanzania, including Iringa, Mbeya, Songea and Sum-

1http://www.world-grain.com/articles/news_home/World_Grain_News/2016/03/

Tanzania_to_increase_corn_prod.aspx?ID=\%7BE02287E6-D168-45FE-BA49-88C62E02B6CD\

%7D&cck=1
2USDA: http://usda.mannlib.cornell.edu/
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bawanga, is the main production zone, accounting for one third of the total pro-

duction in the country (Baffes, Kshirsagar, Mitchell, 2015)[4]. Despite its interesting

production surplus for exportation and local food security, it is a relatively isolated

area, with a lack of transportation network toward the other centers. Hence, it is

very unlikely that trade could offset a one-off production loss in a remote region.

Regarding marketed maize, the production is accumulated by traders who sell on

regional and urban markets (Wilson, Lewis, 2015)[5]. Although this represents a

sizable advantage to consumers, this market system can represent a disadvantage for

producers who could probably sell at a much higher price without this intermediary.

Despite the income loss, it ensures the sale of the production, which is a serious ad-

vantage for farmers working in remote areas with inefficient transport network and

store infrastructures.

To date, no affordable financial tool has been accessible to farmers. Yet, to

avoid food shortages and substantial losses, it is of particular importance to ensure

farmers a minimum income, even in case of a weather shock. A key feature in the

design of an insurance is to have a number of contracts large enough to mutualize

the risk, which is valid under the condition that the risk is weakly correlated. On

the opposite, a highly correlated risk event, such as natural disasters at the country

scale, is much more difficult to ensure because an important part of the insured will

require indemnities at the same time.
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1.2 Objective of the study

Several tools exist to protect farmers against losses caused by weather anomalies,

and particularly extreme weather events such as droughts. Among other tools, like

microcredits, insurance is an interesting option and weather-based index insurances

are being developed to facilitate their implementation in places where the lack of in-

formation and affordable financial access prevail. More precisely, our study would be

a feasibility assessment to implement a revenue weather index insurance that would

integrate a price reference to protect farmers against price volatility. By taking into

account the prices in the payout, the level of indemnities in generally lower than that

of a basic weather index insurance (Mulangu, 2015)[25].

As a result of repeated drought events in the country, food security is weak and

the government has taken steps to improve weather anomaly resilience. For exam-

ple, in 1999 the Tanzania Meteorological Agency has been created to provide weather

forecasts and contribute to the establishment of early warning systems. Other pro-

grams, often managed by the United Nations Programs for Development, have also

emerged so as to limit the impacts of weather variation on yields and food security.

The northern and central regions, including Arusha, Manyara, Shinyanga, Simiyiu

and Dodoma, are more often affected by droughts (Osima)[6].

As mentioned previously, an important condition for a risk to be insurable is to

be weakly correlated. The aim of this study is to assess the extent to which prices co-

move together and to what extent a significant increase in price in a given region can

spread to other ones. By assessing the risk of facing extreme decreases or increases,
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the results of this price correlation can be considered as a preliminary condition to

implement a revenue or income insurance related to natural weather disasters. A

weak correlation would indicate a high potential for a national insurance scheme,

whereas high correlation among prices would be very expensive to insure.

To address this issue, we study price correlation with a Copula-GARCH model.

This combines Generalized Autoregressive Conditional Heteroskedasticity model in-

troduced by Bollerslev in 1986 with an improvement in the correlation feature by

allowing conditional correlation to be time-varying (Engle, 2001)[?]. This model

provides the advantage of taking account of the volatility of prices combined with

a powerful tool measuring correlation. Indeed, copulas (Joe, 1997)[22] will add to

the DCC GARCH model a correlation varying along the values of price change (in

particular, we want to include the fact that prices could be more strongly corre-

lated when they are soaring or droping). Copula-GARCH models are commonly

used in financial econometrics on stock market applications (Jondeau, Rockinger,

2006) to assess portfolio returns. However, the application of this model to crop

insurance is still weak: correlation has mainly been modeled between different crops

(Zhu, Ghosh, Goodwin, 2008) without including geographical features, and spatial

approaches have been done through linear correlation (Wang, Zhang, 2003). The

meteorological aspect will be mainly dealt through linear regressions and empirical

copulas.
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1.3 Data

To estimate the model we rely on monthly maize price time series over 19 years (from

January 1995 to December 2013) for the 20 main regions of Tanzania. Prices are

deflated with respect to the year 2010 and are given for the main markets of each

region. Figure 1 gives an example of the distribution of maize prices over the market

by showing the prices at a given period (May 2005). Clearly, there is substantial

variation in prices across regions, especially between the southern and the northern

zones, which would be encouraging for pooling risk in prices. One possible explana-

tion for the variation is that the transportation network is not efficient enough to

distribute equally the production among the regions. This price difference is mainly

due to the fact that, as mentioned before, the southern zone produces substantially

more than the other regions. Consequently, this difference in quantity leads to an

equilibrium with higher prices for the less productive regions.

To focus on price volatility rather than an average price (which is likely to move

because of seasonal or political reasons), one can convert prices into returns, that

is: log( Pt
Pt−1

). Often used in financial econometrics, returns are an interesting tool

to highlight prices dynamic. The right side of Figure 1 shows the example of the

time series of the monthly returns obtained for the markets of Babati and Kigoma.

They are respectively in the northern and the central zone and have similar levels of

production. However, price dynamics have different trends and these prices seem to

be affected by shocks at different times.
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Figure 1: Maize deflated prices in May 2005 for the main cities of the 20 studied regions showing different

price levels depending on the geographic areas
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Figure 2: Monthly maize price returns over 19 years in Babati

Figure 3: Monthly maize price returns over 19 years in Kigoma
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2 Method: modeling correlation through copulas

2.1 Modeling price volatility: the GARCH model

General principle of the GARCH model In the general case the univariate

GARCH(p, q) model estimates the conditional variance of εt, σ
2
t , allowing dependence

with the squared residuals in the previous p periods and the conditional variance in

the previous q periods. The model is built by letting the εt’s be innovations in a

linear regression of the form:

yt = x′tb+ εt

εt = zt σt

εt | Ωt−1 ∼ N (0, σ2
t )

σ2
t = ω +

p∑
j=1

αj ε
2
t−j +

q∑
j=1

βj σ
2
t−j

ω > 0, αj ≥ 0, βj ≥ 0,
∑

αj +
∑

βj < 1

where yt is the dependent variable, xt a vector of explanatory variables, and b a

vector of unknown parameters (Bollerslev, 1986). zt is the surprise term, or the

standardized error term, having zero mean and unit variance, often assumed to fol-

low a normal distribution. The case where q = 0 corresponds to an ARCH(p) model.

In financial econometrics, the GARCH(1,1) is used and easier to handle; it is

defined, for each time-series i, as:

σ2
it = ωi + αi1 ε

2
i(t−1) + βi1 σ

2
i(t−1)
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A ”Dynamic Conditional Correlation” (DCC) GARCH model The

DCC GARCH(1,1) model consists of modeling the 20 time-series using a univari-

ate GARCH(1,1) for each variable and estimate the covariance matrix Ht:

Ht = DtRtDt = ρijσitσjt

where Dt is the k× k diagonal matrix of the time-varying standard deviations from

univariate GARCH models with σit on the ith diagonal (Dt = diag(σ1t, ..., σnt)), and

Rt is the time-varying correlation matrix.

2.2 Multivariate copulas

Presentation of copulas

Definition. Let (X1, ..., Xn) be a random vector with continuous marginals. The

random vector (U1, ..., Un) = (F (X1), ..., F (Xn)) has uniformly distributed marginals.

The copula of (X1, ..., Xn) is defined as the joint cumulative distribution function of

(U1, ..., Un):

C(u1, ..., un) = P [U1 ≤ u1, ..., Un ≤ un]

Gaussian and Student-t copulas As mentioned before, the use of a copula

model can be very interesting in our correlation approach since copulas can provide

key information on tail dependence and hence on the probability that prices drop or

soar together.
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The Gaussian copula (or Normal copula) is constructed from a multivariate nor-

mal distribution. Fitting our data to a Normal copula has important consequences

on tail dependence: the tail dependence of a Gaussian copula tends to zero for ex-

treme values of one variable.

As a comparison, a fitting estimation to the Student-t copula can be run. One of

the characteristics of this copula is to allow the presence of tails.

Tail dependence Before presenting the results, a brief definition of tail depen-

dence is necessary (Aas, 2004)[29]: bivariate tail dependence measures the amount

of dependence in the upper and lower quadrant tail of a bivariate distribution. For

instance, the upper tail distribution quantifies the probability to observe a large Y ,

assuming that X is large:

λu(X, Y ) = lim
α→1

P (Y > F−1Y (α) | X > F−1X (α))

and similarly the lower tail is defined by

λl(X, Y ) = lim
α→0

P (Y ≤ F−1Y (α) | X ≤ F−1X (α))

2.3 The Copula DCC GARCH model

The DCC GARCH model is an extension of the GARCH model in that it allows for

the correlation to be time-varying thanks to the linear regression model presented

previously. This feature represents a strong improvement in forecasting price volatil-

ity, however it does not include the possibility of correlation depending on volatility

values. Therefore, the copula DCC GARCH will be used so as to bring a new method
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to calculate the time-varying correlation matrix: here, Gaussian and Student copu-

las are used to estimate the parameters. These elliptical copulas have a conditional

correlation Rt and constant shape parameter τ .

2.4 Assessing the extreme variations of prices with the Value-

at-Risk and Conditional Value-at-Risk

Calculating the first and the last percentiles on the returns will be useful to assess

the extent to which prices can reach extreme values at the same time. To this end,

we first simulate prices returns for the next 19 years for the markets considered. We

then generate one time series corresponding to the average of the simulated price

returns of these markets. Finally, we compute the distribution function of this new

time series and look at the first and last percentiles. For example, by focusing on the

99th percentiles, we have an estimation of the joint probability to face soaring prices

of maize in several regions. We then compare the average first and last percentiles

per region at the same confidence level by including an increasing number of regions

and looking how the threshold for the highest increase in price evolves.

3 Results and conclusions

3.1 Preliminary results on price correlation

Pearson’s correlation coefficient This coefficient measures the linear correlation

between two variables and is commonly used in financial economics. Even though it

does not allow time-varying correlation and does not take volatility into account, it is
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interesting to have an overview of the average correlation among the twenty markets

over time. Ranging from 0.01 to 0.70 for the extreme highest value, the major part

of the results are mainly ranging between 0.20 and 0.45 (see appendix 3.5), which is

relatively low and leaves room for pooling the price risk.

Preliminary results on tail dependence with empirical multivariate cop-

ulas Tail dependence can be measured empirically, with a non-parametric model

giving the conditional probability of observing the same price change between two

markets. We can divide this analysis into 3 cases:

• two neighboring markets in the less productive zones, that is the northern and

the central zones, which are more likely to be affected by droughts and hence

shortages

• two neighboring markets in the most productive zone in the South, where prices

can decrease because of unusually high yields

• two markets from a different zone

In all cases, the conditional probability for the two markets is represented by cal-

culating the probability of observing the same price for several levels of price, more

or less likely. Hence, the conditional probabilities for values close to 0 represents

the likelihood of observing simultaneously important prices decrease, and conversely

for high price rises. We are therefore able to see to what extent extreme values can

spread to another market depending on price change.
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The illustration of the tail dependence of each one of the three categories shows

very different trends: the two cases where the markets are close to each other high-

light asymmetric tail dependence while the case with two markets far from each other

has a smoother joint distribution. Figure 4 represents the first case with the example

of Arusha and Babati both in the northern zone: even if the conditional probability

for low values is higher than the tail of a Normal distribution, a stronger dependence

is observed for high price increases. Figure 5 illustrates the second case with the

example of Songea and Mtwara: it is clear here that important price decreases are

highly correlated with a fat lower tail. Lastly, Figure 6 represents the third case with

a northern market, Arusha, and a southern market, Songea: the distribution is much

smoother and does not show fat tails.

Figure 4: Tail dependence

for maize prices between

two markets in the

northern zone (Arusha

and Babati)

Figure 5: Tail dependence

for maize prices between

two markets in the

southern zone (Songea

and Mtwara)

Figure 6: Tail dependence

for maize prices between

two markets in different

regions (Arusha and

Songea)

We can infer from these graphs not only that the correlation is asymmetric but
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also that the correlation depends on whether the markets are from the same geo-

graphic region. Prices seems sensitive to quantities: regions where food shortages are

more likely to be observed are more correlated for prices spikes, and regions which

have good levels of production have prices changes strongly correlated when they

substantially decrease. However, the case of two markets in different regions shows

a low correlation with almost no tails. Hence, our historical data show a sizable

correlation among markets geographically close, while the different production zones

seem to have prices uncorrelated enough to allow for a price related insurance at the

national level.

The Copula GARCH fitting (see Appendix at section 3.6) To estimate the

relevance of the use of a GARCH model in our time series, we first run a test on the

autoregression of the terms (we assume here that no variable can explain the autore-

gressive trend). The Ljung-Box test confirms that there is dependence between the

terms at time t and t − 1, thus using a GARCH model is consistent with our data.

For the following models, that is for the GARCH, DCC GARCH and Copula DCC

GARCH models, we always run the same Ljung-Box test on the residuals to check

that the model has well captured the autoregressive trend: in all our simulations,

this trend is captured by the model, with more significant results for the most ap-

propriate models such as the Copula DCC GARCH model.

To make a choice between the different copulas in the Copula DCC GARCH

model (that is, between the Normal, the symmetric and the asymmetric Student-

t copulas), we use in addition information criteria often employed for this kind of
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study: the Akaike, Bayes, Shibata and Hannan-Quinn criteria. We select the model

with the lower values for these criteria, and may also use the elapsed time if the

values are close to each other. Regarding these features, we have chosen to keep

the Copula DCC GARCH model for modeling the distribution of the residuals with

an asymmetric Student-t copula. The following results are presented for simulations

made with that model.

3.2 Main results: reducing the risk of facing extreme price

volatility by pooling regions across Tanzania

Defined as the maximum loss not exceeded with a given probability over a given

period of time, the Value at Risk will determine in our study the maximum price

increase not exceeded for several confidence levels (here we will focus on the VaR

1%). Since the VaR presents the major disadvantage of focusing on the threshold

and not accounting for the risk distribution beyond the threshold, we also look at the

Conditional Value-at-Risk (CVaR) which is the expected return for returns beyond

the VaR. This tool presents the advantage of measuring risk compared to the VaR

since it computes the same threshold as the VaR but also computes the expectancy

of the values above the VaR. While the VaR omits the distribution of the extreme

values, the CVaR differentiates highly aggregated values to spread values and poten-

tial extreme values. Hence, we will be able to assess how prices co-move together for

an important increase in maize price and see whether the co-movement is alleviated

when pooling the markets.
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Pooling the risk by randomly adding more and more regions We first show

how the risk is reduced for increasing and decreasing prices by including an increas-

ing number of regions. This enables us to see the potential benefit of pooling the

risk of facing extreme shifts in maize price at the same time in Tanzania to design

an insurance. For this part of the study, we employ the Conditional Value-at-Risk.

Due to computation cost, we are unable to compute the CVaR for all the possible

combinations of n markets among 20: as from 3 regions, that would imply fitting

from 1,140 to 184,756 multivariate GARCH models, which is computationally highly

demanding. We therefore restrict our comparisons by taking randomly 1903 different

combinations among all the possible and look at the difference in the average CVaR

1% when the n markets are aggregated and when they are isolated. In other words,

for the same combination of n markets among 20, we look at the difference between

the CVaR 1% for the multivariate GARCH model and the average CVaR 1% of the n

univariate GARCH models. We repeat the procedure for 190 possible combinations

of n regions and take the average difference between the two CVaR calculated for

each combination.

Once this average difference between the aggregate and the isolated cases is ob-

tained for each value of n ranging from 2 to 10 (ie. taking from 2 to 10 markets

among 20), we compare the differences and see whether the risk is significantly re-

duced when increasing the number of regions. If the average difference between the

two CVaR is significantly higher with n markets than with n− 1, hence aggregating

3190 corresponds to the number of possible combinations of taking 2 elements among 20
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n significantly reduces the risk of extreme price volatility compared to aggregating

n− 1 markets.

A sample of 190 combination over thousands different possible combinations is so

restricted that the CVaR 1% could vary substantially from a set of n regions to

another. Hence, in order to be able to compare the comparable, one should restrict

the analysis by comparing the CVaR reduction within the same set of regions.

Table 1 and table 2 summarize the main results: the CVaR displayed are the

average Conditional Value-at-Risk 1% for the price increase and decrease and for the

markets taken randomly. Since we are not able to take every possible combination

for each n, our sample necessary has a risk trend that does not reflect exactly the

average risk profile off every possible combination of n markets among 20. For this

reason, we won’t analyze the results obtained with the CVaR only. However, when

we look at the difference, for every combinations picked up among all the possibili-

ties, between the CVaR for n combinations and the average CVaR with univariate

GARCH models, we can infer from the results whether the risk aggregation reap

benefits. We calculate CV aRmultivariate − CV aRunivariate for decreasing prices and

CV aRunivariate − CV aRmultivariate for increasing prices. Hence, a positive difference

shows that, for a 19-year time scale, pooling n regions is less risky and that the risk

has potential benefits to be exploited. The significance corresponds to the compar-

ison between the average difference with n markets and n − 1 markets. In the case

n = 2, we compare the CVaR from the multivariate model with the univariate model.

Table 1 and table 2 display the results for the Conditional Value-at-Risk 1%.
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Table 1: Conditional Value-at-Risk (CVaR, or Expected Shortfall) for increasing

prices for an increasing number of regions

Number of markets included CVaR Difference with univariate model Significance

2 0.284 0.058 ∗∗

3 0.241 0.084 ∗∗∗

4 0.236 0.107 ∗∗∗

5 0.214 0.109

6 0.212 0.116 ∗∗∗

7 0.223 0.134 ∗∗∗

8 0.205 0.130 ∗

9 0.211 0.141 ∗∗∗

10 0.227 0.157 ∗∗∗

Note: Significance evaluated with a t− test between the average difference with n markets and

n − 1 markets. . Significant at 10% level. ∗ Significant at 5% level. ∗∗ Significant at 1% level.

∗∗∗ Significant at 0.1% level.

Both tables show that the evolution of the CVaR is irregular when adding more

and more regions. This is attributable to the fact that we have selected only a few

number of combinations among all the possible ones, so the risk profiles are taken

randomly. However, the difference between the CVaR of the multivariate and the

univariate models is very clear: increasing from 0.058 with 2 regions to 0.157 for in-

creasing prices and 0.169 for decreasing prices with 10 regions, the difference between

the aggregated risk and the average individual risk is increasing. The multivariate

model have a CVaR decreasing with more regions included compared to the average
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CVaR of each region considered.

These results show that groups of regions taken randomly with an increasing

number of regions have a risk profile less exposed to price volatility risk. Another

result that we will use for the next calculations is that pooling two regions is already

beneficial in terms of reducing the risk. The significance calculated for the case n = 2

measures the significance of the difference between the CVaR with two aggregated

regions and the average CVaR with the two same regions taken independently.

Table 2: Conditional Value-at-Risk (CVaR, or Expected Shortfall) for decreasing

prices for an increasing number of regions

Number of markets included CVaR Difference with univariate model Significance

2 -0.280 0.058 ∗∗∗

3 -0.251 0.087 ∗∗∗

4 -0.229 0.099 ∗∗∗

5 -0.226 0.117 ∗∗∗

6 -0.210 0.119

7 -0.245 0.142 ∗∗∗

8 -0.212 0.137 .

9 -0.218 0.143 ∗∗

10 -0.245 0.169 ∗∗∗

Note: Significance evaluated with a t− test between the average difference with n markets and

n − 1 markets. . Significant at 10% level. ∗ Significant at 5% level. ∗∗ Significant at 1% level.

∗∗∗ Significant at 1% level
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Figure 7: Difference between Conditional Value-at-Risk 1% for aggregated regions

and independent regions for increasing prices with increasing number of regions

included
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Figure 8: Difference between Conditional Value-at-Risk 1% for aggregated regions

and independent regions for increasing prices with increasing number of regions

included
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Pooling the risk taking into account the geographic distribution of the

regions We now focus on the geographic impact on prices correlation: since the

regions are unequal in terms of quantity produced, we know that the mean level of

prices follows a similar trend depending on the area. Moreover, since Tanzania has

different climatic zones, and assuming climate has a significant impact on prices,

one can expect that prices will be differently correlated for regions in different areas.

However, we do not know if these effects will be significant enough to overcome a

common price movement depending on policy, trade, etc. Therefore, we will pro-

ceed with the study on tail dependence in subsection 3.1 and see if the correlation is

higher for extreme price variations in regions within the same area. If so, aggregat-

ing a small number of regions located in different areas would be interesting to reap

substantial benefits.

Table 5 shows the lower and upper VaR 1% per region by pooling the risk of

extreme price co-movement between two regions. We compare the results by taking

two regions randomly within the same area: the northern, southern or central area

of Tanzania.

Pooling two regions, one from the northern zone and the other one from the

southern zone, significantly reduces the average VaR in absolute value compared to

the situation where we take two regions within the southern zone (from 20.3% to

16.2%). However, here, it is not sufficient enough to lower the VaR until the rate

obtained when the two regions are taken randomly across Tanzania (15%).
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Table 3: Average VaR 1% per region within bimodal area

Number of

markets included Price decrease Price increase

1 -0.301 0.332

2 -0.171∗∗∗ 0.200∗

3 -0.160 0.200

4 -0.111 0.155∗

5 -0.128 0.143

6 -0.126 0.130

7 -0.124 0.130

8 -0.111 0.130

9 -0.119 0.126

Note: Significance evaluated with a t− test between the

mean with n markets and n − 1 markets. ∗ Significant

at 10% level. ∗∗ Significant at 5% level. ∗∗∗ Significant

at 1% level.

Optimization: selecting the combinations of 2 regions that reduces best

the Value-at-Risk Having observed that pooling two regions was sufficient to re-

duce significantly the CVaR and VaR in absolute value, we now look for the ”best”

combination. For this part, we look at extreme variation in both decreasing and

increasing prices. We can consider the ”best” combination of two regions by looking

at the combination where the CVaR and VaR are the smallest in absolute value. In

table 6 and table 7, we show the ten pairs of regions having the less risky profile when
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pooled together. That is, we run a GARCH model for every possible combination of

two regions in Tanzania and select the pairs of regions where the CVaR 1% and VaR

1% for increasing or decreasing prices is the lowest in absolute value. The least risky

pairs of regions are Arusha and Mwanza for decreasing prices with a CVaR 1% of

-0.050 and a VaR 1% of -0.0609, and Arusha and Mwanza for increasing prices with

a CVaR 1% of 0.055 and a VaR 1% of 0.0727. Mbeya and Moshi seems also to be a

good composition for both decreasing and increasing prices regarding the VaR 1%,

respectively equal to -0.074 and 0.073. Mbeya and Moshi are on opposite sides of

the country, which makes the lack of correlation between the two prices times series

relevant. However, Arusha and Mwanza are relatively close to each other, which

means that in a scheme that would involve crop transportation, here transportation

costs would not offset the advantages in terms of risk in pooling those two regions.

By calculating the minimum of the CVaR and VaR, we are very likely to find

several times the same markets in the combinations simply because they are not

very exposed to price volatility over time. Hence, we might not capture the benefit

from pooling the risk with another market compared to the baseline scenario. Con-

sequently, we can consider the best combination as being the one that improves best

the CVaR or VaR reduction. Here, we calculate the difference between the CVaR

(VaR) when pooling two regions with the average CVaR (VaR) of each region taken

separately. Table 8 and table 9 show the combinations that reduces the best the

CVaR 1% (VaR 1%) for increasing and decreasing prices. The CVaR (VaR) differ-

ence is obtained by computing the CVaR 1% (VaR 1%) for the bivariate GARCH

model and substracting it to the average CVaR 1% (VaR 1%) of the univariate
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GARCH models for the two regions considered. Mbeya and Moshi appear again in

the best combinations for decreasing prices, which means that not only are they the

less risky duo, but they are also the duo that reap the most benefits when paired

together with a VaR reduction of 0.335 points, and a CVaR reduction of 0.645. On

the opposite, it seems that the most performant combinations are very different for

increasing prices depending on whether we look at the CVaR or the VaR: the pair

Mbeya and Shinyanga reap substantial benefits when paired together by reducing

the VaR of 0.594 points (even though they did not appear in the least risky regions)

and the combination Mbeya Singida performs the best when considering the CVaR

with a decrease of 0.676 points. This result can be mainly explained by the different

season pattern of the two regions.

Conclusion

We have been able to highlight a correlation weak enough among the twenty major

markets in Tanzania to consider the possibility of mutualizing the risk of extreme

maize price changes. The feasibility of implementing such a scheme and the cost

of the potential insurance would be very high if the risk was extremely correlated,

since the insurance company would be forced to gather important reserves. Our

Copula-GARCH model, applied on our twenty time-series, takes into account the

pairwise correlations and assesses a relatively low probability of facing extreme price

changes in several regions simultaneously. Including more and more regions helps

reducing significantly the risk but we have also shown that pooling two markets from

different areas can be sufficient to mutualize the risk. Given the divergence in terms
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of climatic and production conditions, the southern area is less prone to climatic

variability, diversifying the price risk between the northern and the southern areas.

This conclusion is interesting to find an alternative to a national scheme that could

have non negligible implementing and administrative costs.
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Table 4: Average VaR 1% per region within unimodal area

Number of

markets included Price decrease Price increase

1 -0.445 0.417

2 -0.305∗∗ 0.304∗∗

3 -0.248∗∗∗ 0.268

4 -0.255 0.232∗∗

5 -0.238 0.246

6 -0.221 0.241

7 -0.217 0.219∗

8 -0.220 0.226

9 -0.217 0.229

10 -0.205 0.224

11 -0.215 0.207∗

Note: Significance evaluated with a t− test between the

mean with n markets and n − 1 markets. ∗ Significant

at 10% level. ∗∗ Significant at 5% level. ∗∗∗ Significant

at 1% level.

32



Table 5: Average Values-at-Risk 1% taking 2 regions from different zones

2 regions taken

Central zone Northern zone Southern zone randomly

Price decrease

-0.231 -0.152 -0.334 -0.232

Northern and Southern zones

-0.231 -0.232

Price increase

0.226 0.151 0.305 0.358

Northern and Southern zones

0.249 0.358

Table 6: Least risky combinations

Decreasing prices Increasing prices

Pair of regions CVaR 1% Pair of regions CVaR 1%

Arusha Mwanza -0.050 Arusha Mwanza 0.055

Arusha Morogoro -0.062 Arusha Morogoro 0.064

Bukoba Mwanza -0.092 Musoma Mwanza 0.103

Musoma Mwanza -0.099 Bukoba Mwanza 0.105

Dodoma Mwanza -0.107 Dodoma Mwanza 0.118

Arusha Bukoba -0.109 Arusha Bukoba 0.119

Morogoro Mwanza -0.111 Morogoro Mwanza 0.120

Bukoba Tabora -0.131 Bukoba Tabora 0.141

Bukoba Dodoma -0.135 Dar-es-Salaam Mwanza 0.143

Dar-es-Salaam Mwanza -0.135 Arusha Dar-es-Salaam 0.146
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Table 7: Least risky combinations

Decreasing prices Increasing prices

Pair of regions VaR 1% Pair of regions VaR 1%

Arusha Mwanza -0.0609 Mbeya Moshi 0.0727

Mbeya Moshi -0.0735 Arusha Mwanza 0.0733

Arusha Morogoro -0.0738 Arusha Morogoro 0.0749

Mbeya Morogoro -0.0850 Mbeya Morogoro 0.0851

Arusha Bukoba -0.104 Bukoba Morogoro 0.110

Bukoba Morogoro -0.104 Arusha Bukoba 0.111

Bukoba Mbeya -0.109 Bukoba Mbeya 0.113

Bukoba Lindi -0.138 Bukoba Lindi 0.139

Arusha Mbeya -0.138 Arusha Mbeya 0.140

Dodoma Mwanza -0.139 Dodoma Mwanza 0.144
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Table 8: Best combinations that decrease the risk (CVaR)

Decreasing prices Increasing prices

Pair of regions CVaR difference Pair of regions CVaR difference

Mbeya Singida 0.676 Mbeya Songea 0.619

Mbeya Songea 0.645 Mbeya Mtwara 0.608

Mbeya Moshi 0.645 Songea Singida 0.605

Lindi Mbeya 0.627 Bukoba Mbeya 0.599

Mbeya Tanga 0.620 Mbeya Tanga 0.593

Bukoba Mbeya 0.605 Lindi Mbeya 0.591

Babati Mbeya 0.582 Mbeya Moshi 0.575

Dar-es-Salaam Mbeya 0.579 Mbeya Morogoro 0.568

Mbeya Mtwara 0.577 Babati Mbeya 0.548

Dodoma Mbeya 0.573 Dar-es-Salaam Mbeya 0.545

Note: VaR difference in absolute value obtained by subtracting the VaR 1% obtained for the

bivariate GARCH model and the mean of VaR 1% obtained for the two univariate GARCH

models for each region.
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Table 9: Best combinations that decrease the risk (VaR)

Decreasing prices Increasing prices

Pair of regions VaR difference Pair of regions VaR difference

Mbeya Moshi 0.335 Mbeya Shinyanga 0.594

Bukoba Mbeya 0.271 Mbeya Sumbawanga 0.477

Mbeya Morogoro 0.271 Songea Sumbawanga 0.0958

Bukoba Lindi 0.240 Kigoma Mbeya 0.0431

Mbeya Singida 0.201 Arusha Mtwara 0.0387

Arusha Mbeya 0.199 Arusha Lindi 0.0373

Singida Songea 0.199 Mtwara Mwanza 0.0338

Bukoba Morogoro 0.180 Morogoro Mtwara 0.0329

Dodoma Mbeya 0.180 Arusha Sumbawanga 0.0264

Arusha Morogoro 0.169 Lindi Morogoro 0.0263

Note: VaR difference in absolute value obtained by subtracting the VaR 1% ob-

tained for the bivariate GARCH model and the mean of VaR 1% obtained for the

two univariate GARCH models for each region.
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Appendix

3.3 The GARCH model

The general GARCH model The model is built by letting the εt’s be inno-

vations in a linear regression of the form:

yt = x′tb+ εt (1)

εt = zt σt (2)

εt | Ωt−1 ∼ N (0, σ2
t ) (3)

σ2
t = ω +

p∑
j=1

αj ε
2
t−j +

q∑
j=1

βj σ
2
t−j (4)

ω > 0, αj ≥ 0, βj ≥ 0,
∑

αj +
∑

βj < 1

where yt is the dependent variable, xt a vector of explanatory variables, and b a

vector of unknown parameters (Bollerslev, 1986). zt is the surprise term, or the

standardized error term, having zero mean and unit variance, often assumed to fol-

low a normal distribution. The case where q = 0 corresponds to an ARCH(p) model.

The first two unconditional moments are constant, their expression does not

include a time component:

E(εt) = 0 (5)

E((εt − E(εt))
2) =

ω

1−
∑
αj −

∑
βj

(6)

The first conditional moment is, by definition, equal to zero and the second
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conditional moment is time dependent:

E(εt | Ωt−1) = 0 (7)

E((εt − E(εt | Ωt−1))
2 | Ωt−1) = ω +

p∑
j=1

αj ε
2
t−j +

q∑
j=1

βj σ
2
t−j (8)

In financial econometrics, the GARCH(1,1) is usually used and easier to handle;

it is defined, for each time-series i, as:

σ2
it = ωi + αi1 ε

2
i(t−1) + βi1 σ

2
i(t−1)

GARCH properties proofs

E((εt − E(εt))
2) =

ω

1−
∑
αj −

∑
βj

Proof. Let us define:

ε2t = E(ε2t | Ωt−1) + vt (9)

with vt being the surprise term such that: E(vt | Ωt−1) = 0 and E(vt) = 0. By

definition, E(ε2t | Ωt−1) = σ2
t , hence we can write:

ε2t = σ2
t + vt

hence:

E(ε2t ) = E(σ2
t ) (10)

Therefore, one can re-write the variance expression:

σ2
t = ω +

∑
αj ε

2
t−j +

∑
βj σ

2
t−j

⇐⇒ ε2t − vt = ω +
∑

αj ε
2
t−j +

∑
βj σ

2
t−j
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=⇒ E(ε2t ) = ω +
∑

αj E(ε2t ) +
∑

βj E(σ2
t )

since E(vt) = 0. And thanks to equation 10:

⇐⇒ E(ε2t ) = ω +
∑

αj E(ε2t ) +
∑

βj E(ε2t )

⇐⇒ E(ε2t ) = ω + E(ε2t )
∑

αj + E(ε2t )
∑

βj

⇐⇒ E(ε2t ) =
ω

1−
∑
αj −

∑
βj

⇐⇒ E((εt − E(εt))
2) =

ω

1−
∑
αj −

∑
βj

(11)

E((εt − E(εt | Ωt−1))
2 | Ωt−1) = ω +

p∑
j=1

αj ε
2
t−j +

q∑
j=1

βj σ
2
t−j

Proof. By definition, E(εt | Ωt−1) = 0, hence:

E((εt − E(εt | Ωt−1))
2 | Ωt−1) = E(ε2t ) | Ωt−1)

= E(σ2
t z

2
t | Ωt−1)

= σ2
t E(z2t | Ωt−1)

since σ2
t can be expressed as a function of elements depending only on the period

t − 1, this term is constant. And since the moments of zt do not change over time,

we have E(z2t | Ωt−1) = E(z2t ) with zt ∼ N (0, 1), then we get:

σ2
tE(z2t | Ωt−1) = σ2

t

= ω +

p∑
j=1

αj ε
2
t−j +

q∑
j=1

βj σ
2
t−j (12)
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Coefficient of the DCC GARCH model In the DCC GARCH model, the

dynamic conditional correlation coefficient between two markets (1 and 2) at time t

is expressed as follows:

ρ12,t =
Et−1(ε1,t ε2,t)√

Et−1(ε21,t)Et−1(ε
2
2,t)

3.4 Copulas properties

Sklar’s theorem. Let F ∈ F(F1, ..., Fn) be an n-dimensional distribution function

with marginals F (x1), ..., F (xn). Then there exist a copula C: [0; 1] → [0; 1]n such

that, for all x = (x1, ..., xn) ∈ Rn :

F (x1, ..., xn) = C(F1(x1), ..., Fn(xn))

If F1, ..., Fn are continuous, then C is unique.

The Gaussian copula (or Normal copula) is constructed from a multivariate nor-

mal distribution. Each parameter ρ is estimated thanks to the following bivariate

formula:

Cρ(u, v) =

∫ φ−1(u)

−∞

∫ φ−1(v)

−∞

1

2π(1− ρ2)
1
2

exp

(
−x

2 − 2ρxy + y2

2(1− ρ2)

)
dx dy

ρ being the parameter of the copula and φ−1(.) the inverse of the standard univariate

Gaussian distribution function.

Fitting our data to a Normal copula has important consequences on tail depen-

dence: as shown in the next paragraph, the tail dependence of a Gaussian copula

tends to zero for extreme values of one variable.
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As a comparison, a fitting estimation to the Student-t copula can be run. The

parameters are estimated according to the following formula:

Cρν(u, v) =

∫ t−1
ν (u)

−∞

∫ t−1
ν (v)

−∞

1

2π(1− ρ2)
1
2

(
1 +

x2 − 2ρxy + y2

ν(1− ρ2)

)− (ν+2)
2

dx dy

One of the characteristics of this copula is to allow the presence of tails (see next

paragraph).

Tail dependence Tail dependence is zero for a Normal copula:

λl(X, Y ) = λu(X, Y ) = 2 lim
x→−∞

φ

(
x

√
1− ρ√
1 + ρ

)
= 0

hence it is very likely that if prices soar or increase in a given market because of a

localized event, other markets prices will not be significantly impacted. Prices are

very unlikely to co-move together for extreme shifts.

For the Student-t copula, the presence of tail is allowed and is calculated as

follows:

λl(X, Y ) = λu(X, Y ) = 2 tν+1

(
−
√
ν + 1

√
1− ρ
1 + ρ

)
where tν+1 corresponds to the distribution function of a univariate Student’s t-

distribution with ν+1 degrees of freedom. In this case, the estimate for the degree of

freedom (ν) provides the main information: the lower degree of freedom, the higher

the tail dependence.
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3.5 Matrix correlation between raw returns

Arusha Babati Bukoba Dar Dodoma Iringa Kigoma Lindi Mbeya Morogoro Moshi Mtwara Musoma Mwanza Shinyanga Singida Songea Sumbawanga Tabora Tanga

Arusha 1.00 0.33 0.18 0.53 0.56 0.39 0.23 0.12 0.31 0.51 0.48 0.21 0.34 0.20 0.42 0.48 0.25 0.23 0.20 0.56

Babati 0.33 1.00 0.16 0.38 0.45 0.25 0.15 0.35 0.29 0.50 0.17 0.46 0.30 0.26 0.30 0.26 0.43 0.39 0.37 0.45

Bukoba 0.18 0.16 1.00 0.18 0.02 0.15 0.12 0.12 0.12 0.08 0.18 0.10 0.42 0.24 0.34 0.14 0.13 0.30 0.16 0.08

Dar 0.53 0.38 0.18 1.00 0.60 0.52 0.34 0.21 0.39 0.61 0.46 0.32 0.24 0.32 0.37 0.41 0.45 0.43 0.40 0.44

Dodoma 0.56 0.45 0.02 0.60 1.00 0.56 0.20 0.32 0.36 0.70 0.43 0.36 0.20 0.34 0.39 0.53 0.41 0.29 0.44 0.55

Iringa 0.39 0.25 0.15 0.52 0.56 1.00 0.13 0.20 0.45 0.52 0.33 0.28 0.09 0.21 0.38 0.44 0.39 0.35 0.35 0.41

Kigoma 0.23 0.15 0.12 0.34 0.20 0.13 1.00 0.37 0.23 0.27 0.25 0.30 0.24 0.21 0.41 0.37 0.26 0.39 0.52 0.01

Lindi 0.12 0.35 0.12 0.21 0.32 0.20 0.37 1.00 0.28 0.35 0.21 0.64 0.18 0.38 0.40 0.28 0.41 0.37 0.53 0.15

Mbeya 0.31 0.29 0.12 0.39 0.36 0.45 0.23 0.28 1.00 0.43 0.17 0.35 0.03 0.23 0.38 0.35 0.41 0.44 0.38 0.19

Morogoro 0.51 0.50 0.08 0.61 0.70 0.52 0.27 0.35 0.43 1.00 0.30 0.43 0.19 0.35 0.39 0.38 0.49 0.41 0.40 0.56

Moshi 0.48 0.17 0.18 0.46 0.43 0.33 0.25 0.21 0.17 0.30 1.00 0.01 0.32 0.17 0.29 0.53 0.12 0.19 0.37 0.23

Mtwara 0.21 0.46 0.10 0.32 0.36 0.28 0.30 0.64 0.35 0.43 0.01 1.00 0.18 0.29 0.34 0.10 0.58 0.44 0.36 0.36

Musoma 0.34 0.30 0.42 0.24 0.20 0.09 0.24 0.18 0.03 0.19 0.32 0.18 1.00 0.40 0.37 0.27 0.10 0.20 0.20 0.28

Mwanza 0.20 0.26 0.24 0.32 0.34 0.21 0.21 0.38 0.23 0.35 0.17 0.29 0.40 1.00 0.45 0.30 0.19 0.19 0.33 0.12

Shinyanga 0.42 0.30 0.34 0.37 0.39 0.38 0.41 0.40 0.38 0.39 0.29 0.34 0.37 0.45 1.00 0.45 0.38 0.38 0.49 0.28

Singida 0.48 0.26 0.14 0.41 0.53 0.44 0.37 0.28 0.35 0.38 0.53 0.10 0.27 0.30 0.45 1.00 0.31 0.28 0.50 0.29

Songea 0.25 0.43 0.13 0.45 0.41 0.39 0.26 0.41 0.41 0.49 0.12 0.58 0.10 0.19 0.38 0.31 1.00 0.43 0.31 0.32

Sumbawanga 0.23 0.39 0.30 0.43 0.29 0.35 0.39 0.37 0.44 0.41 0.19 0.44 0.20 0.19 0.38 0.28 0.43 1.00 0.47 0.32

Tabora 0.20 0.37 0.16 0.40 0.44 0.35 0.52 0.53 0.38 0.40 0.37 0.36 0.20 0.33 0.49 0.50 0.31 0.47 1.00 0.11

Tanga 0.56 0.45 0.08 0.44 0.55 0.41 0.01 0.15 0.19 0.56 0.23 0.36 0.28 0.12 0.28 0.29 0.32 0.32 0.11 1.00

Table 10: Correlation among markets prices (Pearson’s correlation coefficient)



3.6 GARCH goodness-of-fit

Stationarity To use an autoregressive model, the time-series must be stationary,

i.e with statistical properties such as mean, variance, autocorrelation, etc. all con-

stant over time. To check for stationarity, we use an Augmented Dickey-Fuller test

and obtain the results below:

The p-values are all lower than 0.01 so the 20 time-series are stationary. With

this condition, we can run a GARCH model.

Autocorrelation To justify the use of an autoregressive model, we need to identify

an autocorrelation trend on the variance of returns (ie. the squared residuals). To

this end, we run a Portmanteau test (Ljung, Box, 1978) on each times series:

13 times series over 20 have a low p-value (lower than at least 0.05), so we observe

an autoregressive trend with one lag for 13 markets in Tanzania. Hence, the use of

a GARCH model is justified.

The goodness-of-fit of the selected GARCH model will determine whether the

model has a stochastic trend. Therefore, if the GARCH model fits well to our data,

we should not observe any autoregression in the residuals. We check this condition

by running the same Portmanteau test as previously on the squared residuals of the

DCC GARCH model and of the Copula DCC GARCH model (choosing the Normal

copula):

All the p-values have substantially increased, indicating no autoregressive trend
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remaining in the residuals and that both models are correct. However, for the second,

all the p-values are higher than 0.05 and generally higher than those of the first model

(the linear DCC GARCH model). Consequently, the Copula DCC GARCH model

selected fits well to our data.

Symmetry and tails We can strengthen this robustness looking at the symmetry

and the tails in the distribution of the returns and of the model residuals. To this

end, we look at the Skewness (for the symmetry) and Kurtosis (for the tails) values,

which are respectively equal to 0 and 3 for a Normal distribution.

3.7 Values-at-Risk

Significance in the difference in the Values-at-Risk For 10 markets and more,

the difference in the Value-at-Risk is not significant.
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Market Statistics p.value

Arusha -6.97 0.01

Babati -7.83 0.01

Bukoba -6.87 0.01

Dar -6.87 0.01

Dodoma -6.69 0.01

Iringa -6.57 0.01

Kigoma -5.60 0.01

Lindi -8.28 0.01

Mbeya -6.95 0.01

Morogoro -7.39 0.01

Moshi -6.44 0.01

Mtwara -8.49 0.01

Musoma -6.61 0.01

Mwanza -7.24 0.01

Shinyanga -6.65 0.01

Singida -7.55 0.01

Songea -8.07 0.01

Sumbawanga -7.78 0.01

Tabora -6.83 0.01

Tanga -6.96 0.01

Table 11: Augmented Dickey-Fuller test results for the 20 markets
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Market Statistics p-value

Arusha 0.16 0.688

Babati 14.06 0.000

Bukoba 4.14 0.0419

Dar 3.27 0.070

Dodoma 12.57 0.000

Iringa 0.19 0.666

Kigoma 0.07 0.787

Lindi 7.80 0.005

Mbeya 16.43 5.05e-05

Morogoro 5.15 0.023

Moshi 10.03 0.002

Mtwara 0.06 0.813

Musoma 0.61 0.434

Mwanza 7.51 0.006

Shinyanga 3.41 0.065

Singida 24.58 7.12e-07

Songea 0.44 0.506

Sumbawanga 4.01 0.045

Tabora 2.53 0.112

Tanga 10.98 0.001

Table 12: Portmanteau test results on the maize price returns
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Market Statistics p-value

Arusha 3.57 0.059

Babati 0.00 0.978

Bukoba 2.05 0.152

Dar 0.01 0.925

Dodoma 0.01 0.913

Iringa 0.01 0.937

Kigoma 1.01 0.315

Lindi 0.27 0.601

Mbeya 2.38 0.123

Morogoro 3.58 0.058

Moshi 3.24 0.072

Mtwara 3.90 0.048

Musoma 0.13 0.718

Mwanza 0.38 0.539

Shinyanga 1.69 0.193

Singida 3.41 0.065

Songea 5.03 0.025

Sumbawanga 1.56 0.212

Tabora 0.34 0.561

Tanga 0.07 0.788

Table 13: Portmanteau test results on the DCC GARCH model
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Market Statistics p-value

Arusha 2.66 0.103

Babati 1.81 0.179

Bukoba 1.11 0.292

Dar 0.08 0.774

Dodoma 0.05 0.820

Iringa 0.20 0.658

Kigoma 0.04 0.840

Lindi 0.06 0.812

Mbeya 0.12 0.724

Morogoro 0.07 0.785

Moshi 3.18 0.074

Mtwara 0.80 0.370

Musoma 0.50 0.478

Mwanza 0.03 0.868

Shinyanga 0.05 0.823

Singida 0.31 0.578

Songea 0.82 0.365

Sumbawanga 0.44 0.509

Tabora 0.69 0.406

Tanga 0.48 0.490

Table 14: Portmanteau test results on the Copula DCC GARCH model
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Table 15: p-values of the t-tests comparing the average Value-at-Risk pooling n and

n+ 2 regions - Case of increasing prices

2 and 4 markets 4 and 6 markets 6 and 8 markets 8 and 10 markets

0.0003178 0.01117 0.008773 0.5286
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