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ABSTRACT. This paper begins with an account of the evolution of dairy futures markets in the 
U.S. A partially overlapping time series (POTS) model is then estimated to examine price 
behavior in simultaneously traded Class III milk futures contracts. POTS is a latent factor model 
that measures price changes in futures as a linear combination of a common factor, i.e. 
information affecting all traded contracts, and an idiosyncratic term specific to each contract. 
This paper contributes to the literature by showing that the importance of a common factor in 
price volatility determination for dairy is related to capital production factors, i.e. the dairy herd. 
Finally, it is shown that Class III milk futures volatility decreases as contracts approach maturity. 
This “Inverse Samuelson Effect” comes from the fact that Class III milk futures are cash-settled 
contracts that settle against a formula-based price. The results suggest that the importance of the 
common factor declines as one approaches maturity, implying that individual contract months 
are poor substitutes in hedging a specific month’s cash price risk. Thus, despite low liquidity in 
the market, it is useful to have 12 contract delivery months per year.  
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1. Introduction 

The U.S. Dairy industry has undergone significant change over the last two decades. Some of the 

more salient features include continued increases in yield, regional shifts in production 

accompanied by an increasing role of large farms, and major changes in dairy policy and milk 

pricing (Blayney (2002), Blayney et al. (2006),  Bozic and Gould (2009)).  Over the last two 

decades federal price supports have been low relative to market prices, and the volatility of milk 

price volatility has increased dramatically across all categories of milk utilization.  This 

increasingly uncertain economic environment resulted in the development of new instruments for 

managing price risk in the early 1990’s.  Beginning in 1993, futures contracts were introduced to 

meet the hedging needs of the dairy sector.  However, in response to regular changes in both 

industry practices and public policy, dairy futures contracts have gone through continuous re-

design.    

Several papers have been written on the performance of specific dairy futures contracts 

(Fortenbery, Cropp, and Zapata (1997), Fortenbery and Zapata (1997), and Maynard, Wolf, and 

Gearhardt (2005)) but a detailed exposition of their history and performance is still lacking. This 

represents the first contribution of this paper. 

To evaluate the performance of a futures contract, it is essential to understand the price volatility 

dynamics including seasonality, time-to-maturity effects, and cash-futures volatility spillovers, as 

well as the effects of speculation and liquidity.  This paper addresses the first two topics using 

the Class III milk futures contract.  This contract exhibits the highest trade volume among the 

family of dairy futures contracts.  Cash-futures volatility and speculative impacts on dairy prices 

are the subject of a parallel study.   
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There are two characteristics that differentiate the Class III milk contract from many other 

agricultural futures contracts. First, milk is essentially a non-storable product, and the only way 

to partially preserve or enhance the economic value of milk over time is to undertake an 

irreversible conversion to one of the derived dairy products. Another differentiating 

characteristic is that Class III milk contracts are not settled by physical delivery.  They are cash 

settled  against the USDA announced Class III milk price based on a publicly known formula.  

This raises two research questions.  First, for storable commodities, temporal arbitrage 

opportunities guarantee that information affecting a futures price for a certain maturity will also 

have an impact on all other traded delivery periods. Does the perishable nature of milk result in 

information pertinent to one contract having little or no influence on the price of any other 

contract?  Second, in storable commodities, volatility normally increases as time to maturity 

declines (Smith (2005)).  This is called the ‘Samuelson Effect,’ after Paul Samuelson (1965) who 

first proposed the conditions under which such a relationship exists.  But if milk futures are cash 

settled against a formula-based price, and the USDA formula is both transparent and based to a 

large extent on information known prior to contract expiration, should we still expect to see a 

Samuelson Effect?  Addressing these issues is the second and most important contribution of this 

paper. 

The paper proceeds as follows: in the next section we provide an outline of the economic 

environment faced by the US milk industry.  This is followed by a description of the history of 

dairy futures contracts including a review of previous work analyzing dairy futures. Section 3 

introduces the POTS model and the data used to analyze dairy futures price performance.  In 

section 4 we present the main econometric results. The final section discusses consequences of 

the results, and draws conclusions related to the structure of the Class III milk futures market.  
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2. Overview of dairy futures contracts 

2.1.Evolution of Dairy Futures 

U.S. milk prices were relatively stable through the late 1980’s as government price supports were 

generally binding.  In the early1990’s, however, milk price volatility increased significantly as 

both support prices and government stocks of dairy products were reduced.  This has been 

widely reported and can be seen in figure 1.  

 In response to increased price volatility tools were developed to help the dairy sector 

manage its new market price risk. The first dairy futures contracts were introduced by the 

Coffee, Sugar, and Cocoa Exchange (CSCE - now part of the New York Board of Trade) in New 

York in 1993.  The initial impetus for the development of dairy futures came from the cheese and 

confectionary industries.  Cheese makers were concerned about price volatility in cheddar cheese 

and milk, as cheddar is used as the reference price for many cheeses produced domestically. At 

the same time the confectionary industry was concerned with increased price volatility in non-fat 

dry milk, an important ingredient in candy making (Fortenbery (2009)).  Many of the 

confectionary firms were hedging cocoa and sugar at the CSCE, and once they began to 

experience price volatility in non-fat dry milk they wanted a way to manage that risk as well.  

Since the confectionary firms were already using contracts traded at the CSCE, this seemed the 

logical place to launch the non-fat dry milk contract.  As a result, the CSCE rolled out a cheddar 

cheese and a non-fat dry milk futures contract in 1993.  Since prices for cheddar cheese and milk 

are highly correlated, it was assumed that other dairy firms, including dairy farmers, would cross 

hedge their milk price risk with the cheddar cheese futures contract.  However, despite a 

significant promotional effort on the part of the exchange, initial trade volume was very thin. 
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One reason for thin volume was the lack of cross hedging of milk in cheese futures.  In response, 

the CSCE developed and launched a futures contract for fluid milk in 1995, but this contract also 

suffered low trade volume.  Despite the low participation in dairy contracts at the CSCE, 

however, the Chicago Mercantile Exchange (CME) launched a nearly identical fluid milk 

contract in 1996.  This marked the first time since wheat in the 1950’s that two domestic futures 

exchanges competed head to head for trade in nearly identical products.  The competition 

intensified when both exchanges launched a butter futures contract in 1996.  Like the earlier 

dairy contracts, however, trade in butter futures was also nearly non-existent. 

The next change in dairy contract design was in response to changes in federal milk policy.  In 

1997, both exchanges re-designed their fluid milk contracts, and converted them to a Basic 

Formula Price contract (BFP).  The BFP was introduced in 1995 and was the USDA’s monthly 

announced price from which prices paid to individual dairy farmers were derived.  The BFP was 

based on USDA survey data adjusted by a product price formula.  Since the BFP contracts were 

explicitly cash settled against the USDA BFP announced price that determined individual 

farmers’ prices they provided a direct hedge opportunity for dairy producers.   

In addition to its BFP contract, the CME launched a cheddar cheese contract in 1997.  Once this 

happened the only unique contract still in existence in New York was the non-fat dry milk 

contract.  However, this did not last long.  In 1998, the Chicago Exchange rolled out both a dry 

milk and a dry whey futures contract. In 2000, the New York market eliminated its dairy 

contracts, and Chicago became the sole market for the trade of dairy futures.  

Following requirements set forth in the 1996 Farm Bill, new milk pricing classes were 

introduced in January 2000.  These replaced the BFP formula price.  The Class III milk price was 
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developed to reflect the minimum price for milk used to make cheese, while Class IV was 

introduced for milk used in products such as butter and non-fat dry milk.  The fundamental 

change was that the BFP price had been based on surveyed purchase prices of manufacturing 

grade milk, while the new formulas were based on wholesale prices of products that used 

manufacturing milk as an input. Consequently, the BFP and cheddar cheese futures contracts 

were replaced with a Class III milk contract. In addition, the nonfat dry milk and dry whey 

contracts were discontinued, and a new Class IV milk contract was introduced.   

Responding to requests from industry, CME continued to make changes to their dairy futures 

products over the next several years.  A cash-settled butter contract was introduced in 2005 with 

a contract size equal to half the old physically delivered butter contract.  Cash settled dry whey 

was introduced in March 2007.  A nonfat dry milk cash-settled contract, discontinued in 2000, 

was redesigned and introduced in 2008.  This was followed by a physically delivered nonfat dry 

milk contract in 2009, and deliverable cheese and international skim milk powder in 2010.  Table 

1 summarizes the development and abandonment of the various dairy contracts from 1993 

through 2010.  

2.2.Price Relationships among Current Contracts 

Correlations between selected dairy prices over the last 10 years are given in table 2. Note that 

the Class III price is strongly correlated with both cheddar cheese prices (National Agricultural 

Statistics Service (NASS) survey prices for the last week of the month) and fluid milk prices. 

The Class IV announced price is strongly correlated with fluid milk and nonfat dry milk prices. 

Butter and dry whey show weak correlation with Class III and Class IV prices.  This suggests a 

need for separate futures contracts for these products if futures are to be used as risk management 

vehicles.   However, neither nonfat dry milk nor butter futures contracts reveal much trade 
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volume.  Also, as of February 2011 open interest in the recently introduced deliverable cheese 

contract was extremely low, and may be due to the high correlation with Class III futures.  

2.3.Previous Dairy Futures Work 

Early papers (Fortenbery and Zapata (1997),  Thraen (1999)) examined pricing issues in dairy 

markets by measuring cointegration relationships between cheddar cheese cash and futures 

prices.  Fortenbery and Zapata (1997) failed to find a significant cointegrating vector between 

prices, but argued that the market might not have been mature enough to establish a stable long-

run equilibrium at the time of their analysis.   Using a longer time series, Thraen does find a 

stable relationship between cash and futures prices for cheddar cheese.    

Later, Fortenbery, Cropp and Zapata (1997), Zylstra, Kilmer and Uryasev (2004), and Maynard, 

Wolf, and Gearhardt (2005) examined the hedging opportunities for fluid milk with milk futures 

contracts.  Fortenbery et al. evaluated the performance of the BFP milk contract, while the later 

papers focused on the Class III contract.  It was found that the BFP contract was successful in 

reducing price risk for milk producers in the Upper Midwest, but less useful for producers on the 

West Coast.  Zylstra et al. examined basis risk for Class I milk producers hedging with the Class 

III contract, and determined that basis risk prevented producers from locking in a minimum 

Class I milk price using only the Class III futures.  Hedging performance could be improved by 

using a lagged futures position, and offsetting the hedge the day the Class I price is announced.  

Maynard et al. found that hedging generally resulted in a 50 to 60 percent reduction in price 

variance, but the markets favored large, sophisticated producers in major cheese manufacturing 

regions. 
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Market efficiency issues were studied by Tondel and Maynard (2004) and Sanders and Manfredo 

(2005).  Tondel and Maynard focused on the butter market, and failed to reject the null 

hypothesis of market efficiency in the deliverable butter contract.  Sanders and Manfredo studied 

the milk contract, and argued that milk futures do not encompass all the information contained in 

USDA forecasts at a two-quarter horizon.  However, they also found that the revenue obtained 

by exploiting the difference in forecast performance is likely below transaction costs. 

Buschena and McNew (2008) investigated the market impacts of the 1999 USDA Dairy Options 

Pilot Program. The program sought to teach dairy producers how to use put options to hedge 

downside price risk, and subsidized the purchase of the options.  They found that options 

purchased under the Pilot Program generally resulted in higher options premiums compared to 

options not purchased through the program.   

The low liquidity of dairy futures was a common theme in earlier work.  This suggests there 

might be a trade-off between liquidity and the number of different futures products offered, with 

the introduction of new products leading to reductions of trading volume in existing products.  In 

addition, most successful agricultural futures contract do not trade for delivery every month. 

Would decreasing the number of traded contract months be beneficial for milk futures in the 

sense of higher liquidity and lower hedging costs? Our analysis of volatility dynamics in Class 

III futures provides a conceptual framework for answering that question.  

There has not been an extensive analysis of potential cyclical behavior in milk pricing, nor an 

examination of possible structural breaks in milk price dynamics induced by changes in federal 

dairy policy.  It seems that U.S. dairy policy changes may have opened the door for a classic 

boom-bust cycle in milk production, where initial periods of very low milk prices result in a 
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contraction of milk production that then leads to much higher prices.  Higher prices then induce 

new entrants or expansions of existing farms.1  This is the focus of Appendix 1. 

3. Econometric analysis 

3.1.The POTS model - Introduction 

A common approach to studying volatility in futures markets is to construct a so called “nearby” 

series, where only data from contracts closest to expiry are used. In such an approach, when the 

nearby contract expires, or time-to-maturity falls below a certain predetermined number of 

trading days, data used for the “nearby” series are drawn from the next-to-nearby contract. This 

strategy creates a single time series which can then be used in econometric estimation. However, 

this approach is not without its problems.  By deciding to use information from only a single 

contract on any given trading day, information from all other contracts is discarded.  

Furthermore, the “rollover” procedure for patching consecutive contracts may introduce complex 

non-linear dynamics . 

 In this paper we employ a partially overlapping time series (POTS) model similar to 

Smith (2005) and Suenaga, Smith and Williams (2008).  The POTS model utilizes information 

from all contracts trading concurrently. The difference between a “nearby” and POTS approach 

is illustrated in figure 2 for Class III milk futures. In the POTS approach, each line represents a 

new variable, while in the “nearby” approach only the bold segments of each contract trading 

period are used and patched together consecutively to create a continuous time series. In this 

                                                 

1 In Appendix 1 we a present spectral analysis of milk prices and find that the primary difference in sample 
spectrums for the periods 1970-1991 vs. 1988-2009 is the emergence of 3 year cycle in the later period.  
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context, the POTS model can be interpreted as an unbalanced panel method, as each contract 

constitutes a separate time series that originates on the first day the contract is traded, and 

terminates at its’ last trading day. 

 POTS is a latent factor model where price changes on contracts are assumed to be linear 

combinations of a common factor, i.e. information affecting all traded contracts, and an 

idiosyncratic term specific to each contract.  This ability to differentiate the impact and relative 

importance of common factor and idiosyncratic effect is lost when considering only a nearby 

price series.  Smith finds that for corn and natural gas, the information sets pertinent to contracts 

with different maturities show almost perfect overlap, i.e. the common factor explains close to 

100 percent of futures price variance.  However, it is the storable nature of these two 

commodities that renders this an expected result.  

 In explaining the POTS model, we closely follow the terminology and notation of Smith (2005). 

Let F denote the price of a futures contract, d  the number of trading days until maturity for a 

particular contract, and t the date of the observation. Then subscripting ,d tF suffices to uniquely 

identify any point in a partially overlapping panel data set. Smith models sources of volatility in 

futures prices as originating from a latent common factor t , influencing all currently trading 

contracts, and idiosyncratic errors ,d tu , specific to each contract.  

Modeling jointly all concurrently traded contracts, we can write:  

 t t t t t ΔF θ λ u   (1) 
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where tΔF is the 1tn   vector of price changes for contracts traded at time t .  The common factor 

is modeled as the scalar t  with    20, 1t tE E   and tθ  is a 1tn  vector of factor loadings 

for each of the tn contracts that traded on date t . The vector tu represents idiosyncratic shocks 

specific to each contract. For identification purposes, we assume that  ~ 0,
tt nN Iu , 

  0, ,tE t  u and   0tE  u u for t  . Finally, tλ is the diagonal t tn n matrix of the 

innovations’ standard deviations. We assume futures prices are unbiased, i.e.  1| 0t
tE  ΔF  

where 1t denotes the information set at 1t  .  

The factor loadings and innovation standard deviations are modeled using cubic splines with two 

knots. As Smith explains, spline functions capture deterministic seasonal and time-to-delivery 

effects.  Separate splines are estimated for each delivery month. For a specific delivery month, 

factor loadings and innovation standard deviation splines have the following functional form: 
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where jtI is an indicator function, ij and ij are parameters estimated by the model, td is the 

number of trading days to maturity on date t for a particular contract, and knots connecting 

consecutive cubic functions, 1 2,k k are chosen a priori to be 30 and125 trading days to maturity. 

Additional nodes are 0 0k   at contract expiry and  maxK tk d , i.e. maximal time-to-horizon 

trade observed for this specific contract month. We impose several constraints on the splines. 
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First, consecutive cubic functions they must equal in value at the nodes. Letting t jd k , at knot 

jk we have 
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Next, to stipulate smoothness, slopes of the adjoining cubic functions must be equal at knots. 

Differentiating cubic functions with respect to td and setting the first derivatives equal to each 

other, we obtain  
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Finally, we force the slope of both splines to equal zero at end points, i.e. at contract expiry and 

at maximum time-to-maturity horizon observed in the data. Denoting maximal time-to-maturity 

with Kk (maximum time-to-maturity is the last node), we get 

 
   
   

2

11 1 2 1 3 1

2

11 1 2 1 3 1

0, 2 3 0

0, 2 3 0

K K K K K K K

K K K K K K K

k k k k

k k k k

   

   

 

 

     

     
 (5) 

Each spline is thus fully determined by 12 parameters, but given the restrictions imposed only 6 

free parameters need to be estimated per spline. Class III milk futures trade for 12 contract 

months per year, which brings the number of spline parameters that we need to estimate to 144; 

72 coefficients for common factor splines, and as much for contract-specific innovation splines.  



13 
 

The time-varying conditional volatility in the common factor is modeled using a GARCH(1,1) 

process. Denoting the conditional variance of the common factor as  2 2 1| t
t th E    , we have 

 2 2 2 1
1 1 | t

t t th h E    
        (6) 

To restrict the unconditional variance to be equal to 1, free parameter is constrained to be 

1     . 

Given the assumptions that idiosyncratic shocks are uncorrelated across contracts and over time, 

the conditional covariance matrix is given by 

  1 2 2| t
t t t t t t tE h     ΔFΔF θ θ λ  (7) 

3.2.Using Kalman filter to obtain conditional variance of the common factor 

The only data directly observable are futures price changes, index classifying each observation to 

one of 12 contract months and time to maturity. In particular, we do not observe the common 

factor, and we need to use Kalman filter to obtain linear least squares forecast of the common 

factor at time t, given the information set t . To do so, let us first summarize fundamentals of 

state-space representation of dynamic systems. We follow closely exposition found in Hamilton 

(1994, ch. 13). We first write down the most general state-space system using Hamilton’s 

notation, and Kalman filter results pertinent to our analysis. We then map our model to state-

space representation and after considerable cancelations develop simple expressions for 

conditional expectation  | |t t t tE   , and conditional variance of common factor

   | | | |t t t t t t t t tP E        .  
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Let us start by writing down the general state-space system equations. Following Hamilton, let 

ty denote an  1n vector observed at time t . Possibly unobserved  1r vector tξ is called the 

state vector. The state-space representation of the dynamics of ty is given by the state equation  

 1 1t t t  ξ Gξ v  (8) 

where G is the matrix of parameters of dimensions  r r and observation equation  

 t t t t   y A x J ξ w  (9) 

where tx is a  1k  vector of predetermined variables and A and  J are matrices of parameters 

of dimensions  n k and  n r . 

The disturbances tv and tw are distributed normally with zero mean and covariances  

  
for 

0 otherwise
t

t

t
E v v


 


Q
 (10) 

  ' for 

0 otherwise
t

t

t
E 


 


R
w w  (11) 

Finally, disturbances are uncorrelated at all lags:  

   0, ,tE v t  w  (12) 

Hamilton motivates Kalman filter as an algorithm for calculating linear least squares forecasts of 

the state vector on the basis of data we have observed through date t .  

  1| 1
ˆ ˆ |t t t tE  ξ ξ  (13) 
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Kalman filter calculates these forecasts using a recursion, starting with 1|0ξ̂ then using that 

forecast in obtaining 2|1ξ̂  and so on. Recursion is started with a forecast of 1ξ̂ based on no 

previously observed data, i.e. using unconditional mean of 1ξ  

  1|0 1
ˆ Eξ ξ  (14) 

with mean square error (MSE) of the forecast  

     1|0 1 1 't tP E E E        ξ ξ ξ ξ  (15) 

Next, formula for forecasting ty is obtained  

 | 1 | 1ˆ t t t t t   y A x J ξ  (16) 

Inference about the current value of tξ is updated on the basis of the observation of ty using 

formula for updating a linear projection 
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Finally, MSE of the updated projection,   | | ' |t t t t t t tE     ξ ξ ξ ξ , denoted |t tP is  

   1

| | 1 | 1 | 1 | 1't t t t t t t t t t



     P P P J J P J R J P  (18) 

where | 1t tP is MSE of one-step ahead forecast of the state vector  

     | 1 1 1 1 't t t t t t t t tE E E           P ξ ξ ξ ξ  (19) 
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Rewriting the POTS model in state-space format, we see that there are no pre-determined 

variables tx , i.e. 0 A , state equation is simplified by having 0G .  Common factor t is 

 1 1 state vector, with state equation being  

 1 10t t tv      (20) 

Vector of observed variables is tF  and coefficient next to state vector is time dependent, t tJ θ  

so observation equation is  

 t t t t  F θ w  (21) 

Common factor is uncorrelated through time, thus  

 | 1ˆ 0t t    (22) 

Together with equation (16) this implies that 

 | 1
ˆ 0t tF    (23) 

To simplify expression (17) for updating the inference on the common factor at time t based on 

data observed at time t, notice that  

       2 2
1 1 1t t t t t t t t t t t t tE E E h         F θ w θ θ  (24) 

Based on (22), (23), (24) and (7), we find that updated inference on the common factor can be 

written as  

 2 1
|t t t t t th   θ F  (25) 



17 
 

Notice that equation (18) can be rewritten using the fact that 2
| 1t t h P , 2

t tR λ and 

2
| 1' t t t t t th   J P J R θ θ λ : 

 2 4 1
|t t t t t t tP h h   θ θ  (26) 

In equation (6) expression  2
1 1|t tE    can now be expressed with the help of (25) and (26):  

  2
1 1 1| 1 1| 1 1| 1|t t t t t t t tE P             (27) 

Now we have everything in place to recursively calculate conditional variances of the common 

factor. Unconditional variance of the common factor is is one, so recursion is started by setting 

2
1 1h  . To calculate 2

2h we need to calculate  2 2
1 1 1|1 1|1|E P    . From (25) we calculate 

2 1
1|1 1 1 1 1h   θ F and 2 4 1

1|1 1 1 1't tP h h   θ θ . After obtaining 2
2h we repeat the same procedure to 

calculate 2
3h , and so on. Of course, everything that is written in this section assumes that 

parameters of the model are known, while in fact they need to be estimated. We explain the 

estimation procedure in detail in the next section. 

3.3.Estimating POTS model 

Conditional on information available at 1t  , futures price change is assumed to be normally 

distributed with zero mean and conditional variance t developed in (7). Therefore, to estimate 

the model, we need to maximize the Gaussian log-likelihood function:  
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where 1
1

T
t tn T n
  is the average number of contracts traded each day, and tn is the number of 

contracts traded on day t . Therefore, nT is simply the total number of observations. All 

parameters that need to be estimated enter the likelihood function through the conditional 

covariance matrix t . Combining (6) and (7) we can write  

 2 2 1 2
1 1 | t

t t t t t th E    
 

          θ θ λ  (29) 

Now we immediately see that unobserved common factor will make estimation of the likelihood 

function complicated. To facilitate estimation we rewrite the likelihood function for a single 

trading day as follows: 

      1 1 1| | , |t t t t t t tf f f       ΔF ΔF  (30) 

Taking logs, we get  

      1 1 1log | log | , log |t t t t t t tf f f         F F  (31) 

The first term in the sum in (31) is now much simplified due to conditioning on information 

about the common factor. If we could observe the common factor t , we could be directly 

maximizing the ‘complete data’ likelihood written below.  
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 (32) 

However, we do not observe t so the way forward is to iterate between using Kalman filter to 

compute expected complete data likelihood, given parameters, and maximizing expected 



19 
 

likelihood with respect to the parameters. Using (27), we write the expected complete data 

likelihood as follows: 
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λ F θ λ F θ

θ λ θ

 (33) 

In maximizing (33) we use EM algorithm developed by Dempster et al. (1977), modified as in 

Smith (2005). Computing the expectation of the complete data likelihood with respect to the 

latent variable is called the E-step, and maximizing the expected likelihood with respect to the 

parameters is referred to as the M-step. Algorithm is the following: 

1) Make an initial guess about the parameters. For conditional variance of the common 

factor, initial guess for  coefficient in equation (6) is 0.08, and for coefficient  it is 

0.90. To obtain initial guess for spline parameters notice first that from (2) it follows that 

each spline is linear in x , where x consists of products of indicator functions and 

exponents of time-to-next-knot counters. For example, 

       2

0 1 0 0 1 2 0 0 11; ; , .t t t tx x d k I k d k x d k I k d k etc           Initial guesses 

for theta-splines (splines for common factor, separate spline for each contract month) are 

obtained by projecting absolute values of dependent variable (futures price changes) on 

x , then multiplying projection coefficients by 0.7. For lambda-splines (contract-specific 

shocks) vectorized mean absolute value of dependent variable is projected on x . Both 

projections are appropriately modified to account for restrictions (3), (4) and (5).  

2) Using current guess for spline and GARCH parameters, use the Kalman filter to obtain 

|t t and |t tP . 
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3) Keeping both free GARCH parameters fixed, Newton-Raphsen is used in M-step to 

maximize (33) 

4) Steps 2 (E-step) and 3 (M-step) are iterated until convergence, not changing GARCH 

parameters. 

5) Now keeping spline parameters fixed, maximize likelihood with respect to GARCH 

parameters. 

6) Step 2-5 are repeated until convergence. 

7) Parameter estimates obtained upon convergence in step 6 are used as starting values in 

final numerical optimization over both spline and GARCH parameters using BHHH 

algorithm.  

4.  Data 

The POTS model for dairy futures is estimated using the Class III futures contracts because they 

have the highest daily trading volume of all dairy futures, and an open interest that is generally 

four times larger than the open interest of all other dairy futures combined.  Class III futures are 

cash settled against the announced USDA Class III milk price. Although this contract is used for 

hedging manufacturing and fluid grade milk, both of which are non-storable commodities, the 

settlement price is determined by the price of three dairy products, two of which are storable: 

cheddar cheese (not storable), butter (storable) and dry whey (storable). 2 

Every week, NASS surveys all cheese, butter, dry whey and nonfat dry milk plants that 

commercially produce more than 1 million pounds of these products, and computes national 

                                                 

2 One could argue that cheddar cheese is storable, but through storage it is aged and that changes its value.  The 
USDA price surveys used to calculate the Class III milk price exclude cheese sold that is over 30 days old. 



21 
 

average prices for each product.   The Class III milk price is then calculated once a month using 

a USDA formula that is based on the monthly weighted average prices of the products.  The milk 

pricing formula is rather complex.  The three product prices are first used to calculate imputed 

prices of milk components, i.e. protein, butterfat and other solids.  In the second step, milk 

component prices enter the formula to get a skim milk price. Finally, the Class III milk price is 

calculated using the base skim milk price and assuming 3.5% butterfat content.  Conflating this 

multi-step USDA formula into a simple linear function of cheese, butter and dry whey prices 

suggests that most of the manufacturing grade milk value comes from cheese. For example, in 

October 2008, cheese accounted for 86.08% of the milk price, while butter and dry whey 

contributed 2.55% and 11.37%, respectively.   

Figure 3 presents the open interest (aggregated over all traded contract months) and the nearby 

Class III futures price for the period 2000-2009. Three patterns emerge from this figure. First, 

open interest shows an upward trend from 2000 through 2007, then flattens to an average level of 

25,000 contracts. Second, open interest exhibits strong seasonality that corresponds to the 

production patterns in milk, with a peak in May or June.  Finally, the milk price and open interest 

are strongly positively correlated. This is not un-expected - as milk prices increase, users of 

manufacturing milk will likely hedge more of their input costs, and farmers may feel more 

inclined to lock in a good price for their product.  

The Class III price announcement refers to the Class III price for the previous month.  For 

example, the October 2010 Class III milk price was announced on Nov, 5 2010. This implies that 

in contrast to other agricultural contracts, Class III futures trade through their delivery month.  

Trade ends the business day immediately preceding the day on which USDA announces the 

Class III price.  
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Data used for model estimation covers the period January 2000 through October 2009.  Initially, 

trading in Class III futures was allowed for up to 12 months prior to maturity. This was later 

expanded to 18 months, and then to 24 months.  However, there is very little volume for 

contracts more than 1 year out so we restrict our analysis to the daily closing prices for the 12 

most nearby contracts. This results in 28,145 data points over 118 contracts, classified in 12 

categories based on the contract delivery month.  Over the entire data period, average futures 

price change is 0.125 cents with a standard deviation is 13.21 cents.  The largest day-to-day drop 

in price is $1.00 per cwt., and the largest increase is 95 cents.  The distribution of price changes 

is leptokurtic, with an excess kurtosis of 7.82.  It is also slightly left-skewed with a skewness of -

0.14.  

5. Results 

To understand price dynamics in dairy markets, we first investigate whether futures prices appear 

unbiased. As noted earlier, this is an explicit assumption in the POTS model.  If prices are 

unbiased, then we would expect the prediction errors associated with using futures price as an 

expectation of later cash price to average zero. In other words, futures would not systematically 

over or under predict cash prices. This is a necessary condition for futures price efficiency and 

thus for the market to effectively provide for price discovery. To examine this we calculate, for 

each futures contract at time t with d days to maturity, the percentage difference between the 

current futures price ,d tF and the terminal settlement price TP . Note that TP is unknown before 

expiration time T , and only discovered ex post. Realized percentage prediction errors, ,d tE  are 

thus calculated as  
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Using scatter diagrams, plots of prediction errors are developed, with time to maturity d on the 

x-axis and percentage prediction errors ,d tE on the y-axis. If the mean of ,d tE is below zero, 

evidence exists that d days to maturity futures prices are systematically downward biased. This 

result would be consistent with the Keynesian concept of a positive marginal risk premium. If, 

on the other hand, mean of ,d tE is significantly above zero, that implies that futures prices exhibit 

a systematic upward bias.  

Figure 4 presents realized prediction errors for the period 2000-2009. Gray dots represent 

individual prediction errors, while the bold black line plots root mean square prediction error for 

each time-to-maturity d . Market efficiency postulates that prediction errors would be centered 

around zero, so the appropriate measure of prediction accuracy is the root mean square error 

(RMS).  The RMS at 30 days to maturity is 2.77%, but rises to 14.20% 90 days and 27.76% one 

year to maturity. We find that futures price prediction errors are centered around zero up to 180 

days to maturity, but exhibit weak evidence of over prediction bias for time-to-maturity horizons 

higher than 60 days, reaching a maximum 4.5% positive bias 350 days to maturity. We do not 

explicitly examine the statistical properties of this bias, but given the high degree of correlation 

of prediction errors at such distant horizons, and a root mean square error of 26.65% at 350 days 

to maturity, we do not expect the bias to be statistically significant.  We therefore do not reject 

the assumption of un-biased futures prices.  As a result, the POTS model was estimated, and the 

empirical results are given in Appendix II.  A description of the estimation implications follows. 
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 Given un-biasedness, the first issue to be addressed focuses on seasonal and time-to-

maturity effects on the volatility of futures prices.   Second, the degree to which a common 

information set is relevant to pricing futures with different maturities is examined.  From 

equation (1) it follows that the price change for an ith-nearby contract at time t  is given by 

, , , ,i t d t t d t i tF u    
 
where subscript i  on both the price change and idiosyncratic shock 

identifies a specific contract.  The subscript id T t  is the number of trading days left to 

maturity for this contract.  The factor loading ,d t and standard deviation of the idiosyncratic 

shock ,d t are both deterministic functions of time to maturity and contract month.   By imposing 

unit variances on both the common factor and idiosyncratic shock, we can obtain the 

unconditional variance of the price change for a specific contract as  

   2 2
, , ,i t d t d tVar F    

 (3) 

We can then easily calculate the fraction of variance due to information innovations pertinent to 

all contracts, i.e. the common factor as   
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  (4) 

where we denote this as the common factor importance to the i-th nearby contract at time t .  

Figure 5 presents the square root of the unconditional variance, i.e. the unconditional standard 

deviation as a function of time to maturity for each of the 12 contract months considered.  To 

illustrate the interpretation while avoiding clutter, only the January and August contracts are 

emphasized in the figure.  Three systematic patterns can be seen.  First, there is evidence of 

seasonal variation in milk price volatility, with the highest volatility occurring in May and June.  
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This corresponds to the seasonal pattern in milk production associated with what is called the 

“spring flush” (in spring, cows are brought out to graze on fresh pasture, and milk production 

increases).  The second thing to notice is that up to two months from maturity, there is evidence 

of increasing volatility as time-to-maturity decreases.  This phenomenon is the well known 

Samuelson effect, which postulates that shocks to production influence nearby contracts more 

strongly than contracts with more distant maturities.  However, in each contract analyzed, there 

is also a strong decline in volatility over the last eight trading weeks. This pattern stands in sharp 

contrast to grain futures contracts (i.e. corn, as analyzed by Smith) where the Samuelson effect 

extends all the way through the last trading day. The reason behind this decline, which we call 

the “Inverse Samuelson Effect”, may lie in the design of milk futures contracts. As explained in 

the previous section, the Class III contract is cash settled against a known formula calculated 

using a set of prices that is partially revealed up to 3 weeks before contract maturity. Hence, 

much of the uncertainty concerning the announced cash price is resolved in the last several 

weeks of trading. 

The next objective is to understand what percentage of price variance across contracts is 

explained by a common factor.  When a commodity is storable, intertemporal arbitrage between 

cash and futures prices implies that a common pricing factor should explain nearly all of the 

observed price variation.  This has been confirmed by results in Smith (2005) and Suenaga, 

Smith, and Williams (2008).  While manufacturing milk is itself not storable, two of its price 

components are.  This leads to the question of whether a common factor explains milk price 

changes across contract months, or whether unique contract month characteristics are more 

important in driving price changes.   
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In addition to component storability the capital nature of milk production may link prices across 

contract maturity dates.  Dairy cows produce one calf every 14 months, with the gestation period 

being 9.5 months. In recent years the average length of time a cow spends in the dairy herd is 3 

lactations, or around 4 years.  Because the dairy herd is indeed a capital factor of milk production 

it will help to conceptualize total annual milk production as a product of dairy herd size and yield 

per cow, as in Bozic and Gould (2009).  The annual U.S. average yield per cow exhibits a strong 

and stable upward trend that is almost completely determined by technological progress, i.e. 

genetic improvements.  Milk supply reactions to price changes come almost entirely through 

adjustments in the size and age composition of the dairy herd.  Furthermore, the short-run own-

price elasticity of milk is almost zero, while the 10-year price elasticity is close to unity (Bozic 

and Gould (2009)). In other words, an annual price increase from $15.00 to $19.00 per 

hundredweight, not an uncommon magnitude in recent periods, would, if prices were to remain 

fixed at that higher level, lead to an increase in the dairy herd of 2.5 million cows over ten years.  

An inelastic demand for milk in conjunction with high differentials between long-run and short-

run supply elasticities leads inevitably to highly volatile milk prices. This suggests that the 

importance of a common factor in milk futures price may arise from capital factors of milk 

production, i.e. the dairy herd, in addition to component storability.  

Table 3 lists the average proportion of unconditional variance explained by the common factor 

over the life of each Class III contract over the sample period.  These averages hide the fact that 

for each contract the common factor at some point in time explains over 80% of variance. More 

insight can be gained from figure 6, where we plot the proportion of variance explained by a 

common factor as a function of time to maturity, for each contract separately.  
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We find two principal regularities.  First, as the overall price variance collapses near maturity, 

the share of variance explained by the common factor declines even faster.  Second, the common 

factor explains the highest share of variance close to six months prior to expiration.  The fact that 

the importance of the common factor peaks so early could be due to the fact that, if there were no 

imports of dairy cattle to U.S., the upper bound of the U.S. national dairy herd at contact 

maturity would be determined about 285 days prior to contract expiration.  This is the average 

length of the cow gestation period.3  

 In addition to examining peak importance in the common factor, we identify the 

percentage of a contract’s life for which the common factor explains more than 70% of the price 

variance. This is shown in figure 7.  Note that for summer contracts the common factor’s 

importance stays above this threshold until 50 days from maturity.  For other contract months the 

common factor fades in importance as much as 100 days from maturity.  While it is not clear 

what drives this difference, it does coincide with generally higher cheese stocks in summer 

months. 

Finally, we can ask how much of the market variance does the common factor explain. For each 

trading day, we would like to know how much of the price variability across delivery months is 

due to a common factor.  Once we have obtained this measure we can determine if the common 

factor’s influence exhibits seasonal variation.  A central issue in calculating market-level 

                                                 

3 In addition to domestic herd growth dairy cattle are imported from Canada.  Average annual imports are about 
50,000 cows.  This may seem small compared to the U.S. dairy herd of 9.2 million cows, but it is significant 
compared to the average annual changes in dairy herd size of 61,000 head from 1998-2008.  However, exports of 
dairy cows from Canada were banned from May 2003 through November 2008 due to incidence of bovine 
spongiform encephalopathy, i.e. mad cow disease (DiGiuseppe, 2010). Therefore, for the better part of the 
estimation period, the upper bound of dairy herd size at contract expiry was indeed determined close to nine months 
out.  
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common factor importance is how to aggregate the 12 contract-level CFIs to one number.  For 

example, one could use a simple weighted average with either contract open interest or daily 

volume as weights, or one could treat the entire market for Class III futures as a balanced 

portfolio (a simple non-weighted average).  It turns out that in either case the common factor 

explains most of the market price variance in spring and fall months.  In addition, weighted 

measures reveal a double-hump seasonality, where the common factor increases in importance in 

both spring and fall, and is less important in summer months.  Figure 8 shows the proportion of 

market variance explained by the common factor, using a weighted average method, with 

relative daily volume as the weight.  The expression for tCFI is : 
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  (5) 

where ,i tV is the average volume of i-th nearby contract on day t of a year, with the average taken 

over the period 2001-2009.  Market average volume tV is the sum of average volumes of all 12 

contracts. To reduce the serrated shape induced by a declining CFI in nearby contracts, we 

calculate a 30-day smoothed series where the smoothed CFI at time t is an average of the market 

CFI over period t-15 to t+15.  A partial explanation of the seasonality observed is offered in 

figure 9.  As argued before, adjustments to milk production come primarily through dairy herd 

culling and replacement decisions. In the second part of a year, decisions on dairy cow slaughter 

exhibit seasonality similar to CFI. In particular, slaughter is lowest in May through July, and 

reaches a peak in October and November.  Seasonality of CFI influences may be partially 

attributable to seasonality in the information flow regarding the future size of the dairy herd.  
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6.  Conclusions 

This paper describes the evolution of dairy futures markets, and explicitly examines the volatility 

dynamics of Class III milk futures contracts.  The design of this contract allows it to be used as a 

hedging instrument for cheese products as well as fluid and manufacturing grade milk.  Even 

though Class III milk is itself a nonstorable commodity, the analysis reveals a rather important 

overlap of information pertinent to futures for different maturities.  This is attributed to the 

capital structure  of the dairy herd and the storability of some dairy products underpinning the 

USDA formula for minimum Class III milk prices.  Seasonal variation reveals that contracts 

expiring in summer months much more closely resemble contracts on storable commodities like 

corn, while contracts expiring in winter months are more influenced by idiosyncratic shocks.  

There are two principal implications of this study for contract design and dairy policy. First, the 

modest importance of a common factor for most contract months implies that contracts of 

different maturities are poor substitutes in a risk management program, and product cross-

hedging may not be particularly effective either.   Corn, a much deeper agricultural futures 

contract in terms of volume traded, has only 5 contract months per year.  However, even though 

Class III futures often suffer from illiquidity, it is likely optimal to have separate contracts for all 

12 months in the year.  

An important question for policy makers concerns the ability of futures markets to substitute for 

binding milk price supports as an instrument for enhancing cash price stability. As shown in the 

spectral analysis in Appendix 1, a major contributor to cash milk price variance comes from a 

cycle whose period is about 3 years.  While Class III futures are listed for up to 24 months ahead, 

contracts with more than 260 trading days to maturity do not generate any significant trading 

interest.  The ability of futures markets to dampen the low-frequency cash price oscillations 
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relies on two factors.  The first is the degree to which farmers use futures as forecasts of milk 

prices in later years in making dairy herd replacement decisions.  Decisions regarding the dairy 

herd are investment decisions with a relevant planning horizon of 3-5 years, and forecasts of next 

year’s prices will guide their investment decisions only if they believe price expectations for 

longer horizons are accurate, and that their individual production decisions will not impact future 

prices. If the first condition is satisfied, we would still need farmers to have confidence that 

futures prices carry economically meaningful information over the horizon used in investment 

decisions. Futures prices are likely unbiased predictors of future cash milk prices, but the average 

absolute prediction errors for horizons longer than 60 days is rather high.  For example, at 9.5 

months to maturity – the duration of a cow’s gestation period - futures price prediction errors are 

on average 28%.  That means that if the futures price is $16.00 per hundredweight, the final price 

would be expected to be between $20.50 per cwt. (which would render milk production rather 

profitable), and $12.00, which is low enough to initiate countercyclical price supports (i.e. MILC 

payments).  In face of such high prediction uncertainty, it is questionable whether futures serve a 

major role in coordinating expectations to a degree that meaningfully reduces the amplitude of 

the boom-bust cycle.  
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6.1. Appendix 1. Spectral Analysis of Manufacturing Milk Prices 

We use a frequency domain approach to construct the sample spectrums of milk prices. We do 

this separately for the periods January 1970 – April 1991 (the period of price stability) and 

September 1988 – December 2009 (the period of increased price volatility) to identify if there 

was any change in the relative contribution to variance across frequencies. Results are presented 

in figures 10 and 11.  

To construct the sample spectrums we have followed Klingenberg (2005). The cutoff points for 

the sub-samples were chosen in order to satisfy constraints imposed by the Fourier analysis 

function in Excel. This constraint requires that the number of observations in each sample must 

equal 2n for some n . We chose periods corresponding to 256 months, using monthly data. A 

useful reference for the interpretation of periodograms is Hamilton (1994, chpt. 7).  The results 

reveal peaks in both periods at frequencies corresponding to a 1 year and 1 month cycle. The 

principal difference between the periods, however, is that in the later period there is a very high 

peak at a frequency of 0.33, which corresponds to a 3 year cycle. This corroborates a simple 

reading of Figure 1, where we find dips in milk prices occurring in 1997, 2000, 2003, 2006 and 

2009. However, some of these major price movements were brought about by export shocks and 

macroeconomic downturns, so we judge this evidence as preliminary. 
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Appendix 2. POTS Estimation Results 

Log Likelihood value =   -56905246.64  
Overall % Explained by Common Factor =       64.21% 
GARCH parameters 

 Value Robust s.e. t-ratio 
Alpha 0.1149      0.003487         32.95 
Beta 0.9847      0.002203         447.0 
 

Spline # Time-to-maturity 
1 0-30 
2 31-125 
3 126+ 
 

Factor spline parameters (theta) 

 
Month Spline Free Linear Quadratic Cubic 
January 1 4.50-3 4.50-3 3.30-4 -6.97-6 
  (4.68-4) (4.68-4) (1.18-5) (2.65-7) 
 2 1.12-1 1.55-3 -4.23-5 2.53-7 
  (3.84-3) (1.03-4) (8.66-7) (8.50-9) 
 3 9.57-2 4.45-4 -1.85-5 9.03-8 
  (6.48-3) (1.05-4) (5.42-7) (2.60-9) 
February 1 -1.88-3 -1.88-3 2.75-4 -5.41-6 
  (3.93-4) (3.93-4) (6.89-6) (1.15-7) 
 2 9.79-2 2.33-3 -5.27-5 2.84-7 
  (3.27-3) (1.71-4) (1.97-6) (1.83-8) 
 3 8.78-2 7.71-5 -9.79-6 5.18-8 
  (9.83-3) (1.59-4) (3.12-7) (4.71-9) 
March 1 -5.85-3 -5.85-3 2.56-4 -5.04-6 
  (2.63-4) (2.63-4) (7.13-6) (1.63-7) 
 2 8.67-2 2.14-3 -3.61-5 1.51-7 
  (2.64-3) (1.50-4) (1.07-6) (3.74-9) 
 3 9.33-2 -6.07-4 1.50-6 4.35-9 
  (6.46-3) (1.17-4) (3.93-7) (3.42-9) 
April 1 2.19-3 2.19-3 1.16-4 -1.45-6 
  (1.04-3) (1.04-3) (1.21-6) (8.73-8) 
 2 6.41-2 3.05-3 -4.90-5 2.19-7 
  (1.18-3) (1.80-4) (8.38-7) (1.10-8) 
 3 9.81-2 -3.20-4 -5.59-6 3.61-8 
  (6.62-3) (1.70-4) (2.72-7) (4.53-9) 
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Factor-spline parameters (theta) – cont’d. 
      
Month Spline Free Linear Quadratic Cubic 
May 1 2.71-3 2.71-3 3.32-4 -7.39-6 
  (2.81-4) (2.81-4) (7.86-6) (1.87-7) 
 2 1.01-1 5.84-4 -5.63-6 -4.03-9 
  (2.17-3) (5.49-5) (2.14-7) (4.64-10) 
 3 1.02-1 -6.09-4 -8.83-7 1.65-8 
  (4.32-3) (4.19-5) (7.78-7) (3.63-9) 
June 1 -6.23-3 -6.23-3 5.42-4 -1.22-5 
  (3.16-4) (3.16-4) (2.03-5) (5.10-7) 
 2 1.53-1 7.08-4 -3.37-5 2.14-7 
  (4.71-3) (1.69-4) (8.91-7) (1.40-8) 
 3 9.94-2 1.58-4 -1.20-5 5.83-8 
  (5.92-3) (1.58-4) (7.06-7) (6.03-9) 
July 1 1.15-3 1.15-3 4.95-4 -1.02-5 
  (3.13-4) (3.13-4) (1.39-5) (4.15-7) 
 2 1.68-1 2.92-3 -8.07-5 4.50-7 
  (2.44-3) (2.99-4) (2.07-6) (2.25-8) 
 3 1.03-1 -1.30-4 -7.11-6 4.03-8 
  (1.09-2) (2.40-4) (3.54-7) (3.46-9) 
August 1 -1.33-2 -1.33-2 2.98-4 -4.32-6 
  (6.76-4) (6.76-4) (6.11-6) (2.39-7) 
 2 1.32-1 6.41-3 -1.32-4 6.64-7 
  (2.49-3) (3.00-4) (3.72-6) (1.26-8) 
 3 1.16-1 -6.36-4 -1.86-7 1.37-8 
  (7.35-3) (1.40-4) (6.47-7) (1.57-9) 
September 1 -1.79-3 -1.79-3 1.35-4 -5.84-7 
  (9.25-4) (9.25-4) (3.62-6) (4.13-8) 
 2 9.72-2 6.33-3 -1.04-4 4.54-7 
  (1.87-3) (1.40-4) (3.54-6) (2.40-8) 
 3 1.44-1 -1.17-3 3.65-6 4.41-9 
  (7.20-3) (1.05-4) (3.14-7) (2.64-9) 
October 1 -2.61-3 -2.61-3 2.75-4 -4.98-6 
  (3.60-4) (3.60-4) (8.19-6) (8.86-8) 
 2 1.07-1 3.36-3 -4.45-5 1.45-7 
  (7.47-3) (5.76-4) (4.48-6) (3.32-9) 
 3 1.47-1 -1.19-3 3.17-6 7.68-9 
  (2.00-2) (3.37-4) (2.70-7) (6.81-9) 
November 1 1.67-4 1.67-4 2.49-4 -4.89-6 
  (4.91-4) (4.91-4) (2.86-6) (5.41-8) 
 2 9.04-2 2.12-3 -2.39-5 7.01-8 
  (1.58-3) (6.66-5) (6.19-7) (2.28-9) 
 3 1.35-1 -5.45-4 -7.03-6 4.75-8 
  (4.41-3) (3.66-5) (3.81-7) (2.21-9) 
December 1 -5.29-3 -5.29-3 5.17-4 -1.20-5 
  (3.81-4) (3.81-4) (1.16-5) (2.77-7) 
 2 1.36-1 -3.37-4 -2.86-7 2.80-8 
  (2.64-3) (4.04-5) (2.47-8) (4.40-10) 
 3 1.26-1 3.81-4 -2.06-5 1.03-7 
  (2.79-3) (4.03-5) (5.01-7) (2.89-9) 
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Innovation-spline parameters (lambda) 

Month Spline Free Linear Quadratic Cubic 
January 1 1.96-2 1.96-2 4.74-4 -1.15-5 
  (1.25-3) (1.25-3) (6.90-6) (1.67-7) 
 2 1.37-1 -1.55-3 -5.10-6 1.25-7 
  (2.62-3) (5.62-5) (2.61-7) (3.02-9) 
 3 5.16-2 9.12-4 -1.35-5 5.39-8 
  (2.87-3) (5.45-5) (1.28-6) (6.43-9) 
February 1 2.78-2 2.78-2 3.45-4 -8.16-6 
  (4.10-4) (4.10-4) (5.56-6) (1.01-7) 
 2 1.19-1 -5.65-4 -2.32-5 2.11-7 
  (2.26-3) (1.02-4) (7.23-7) (5.31-9) 
 3 3.78-2 8.16-4 -6.63-6 1.90-8 
  (3.91-3) (1.07-4) (4.31-7) (3.85-9) 
March 1 2.57-2 2.57-2 3.95-4 -9.43-6 
  (4.97-4) (4.97-4) (1.63-5) (3.86-7) 
 2 1.28-1 -8.83-4 -1.49-5 1.41-7 
  (4.21-3) (4.72-5) (1.26-6) (1.03-8) 
 3 3.13-2 1.74-4 7.02-6 -4.01-8 
  (2.98-3) (9.72-5) (7.60-7) (2.39-9) 
April 1 1.45-2 1.45-2 3.08-4 -6.64-6 
  (3.64-4) (3.64-4) (4.89-6) (1.67-7) 
 2 1.12-1 1.11-3 -5.05-5 3.11-7 
  (2.08-3) (2.10-4) (2.63-6) (8.52-9) 
 3 2.80-2 1.45-5 7.61-6 -4.05-8 
  (4.28-3) (1.02-4) (3.34-7) (2.80-9) 
May 1 1.40-2 1.40-2 3.15-4 -7.07-6 
  (4.10-4) (4.10-4) (7.51-6) (1.92-7) 
 2 1.06-1 4.31-4 -2.75-5 1.57-7 
  (2.39-3) (1.11-4) (8.28-7) (5.24-9) 
 3 3.32-2 -5.11-4 1.49-5 -6.63-8 
  (3.73-3) (8.39-5) (8.45-7) (4.62-9) 
June 1 1.77-2 1.77-2 3.84-4 -8.93-6 
  (5.34-4) (5.34-4) (4.54-6) (1.41-7) 
 2 1.23-1 -2.57-4 -1.78-5 1.17-7 
  (1.95-3) (1.61-4) (7.48-7) (4.12-9) 
 3 3.78-2 -4.35-4 1.01-5 -4.33-8 
  (7.02-3) (8.81-5) (1.27-6) (8.09-9) 
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Innovation-spline parameters (lambda) – cont’d. 

Note: To simplify notation, all numbers for spline parameters are expressed in abbreviated scientific notation. For 
example, 3.10-3=3.10*10-3=0.0031.  

 

 

  

Month Spline Free Linear Quadratic Cubic 
July 1 1.67-2 1.67-2 5.90-4 -1.48-5 
  (1.28-3) (1.28-3) (5.89-6) (1.88-7) 
 2 1.53-1 -3.04-3 3.28-5 -1.36-7 
  (3.59-3) (2.47-4) (2.01-6) (3.96-9) 
 3 4.27-2 -5.00-4 9.32-6 -3.91-8 
  (7.91-3) (1.64-4) (3.80-7) (4.99-9) 
August 1 2.62-2 2.62-2 3.08-4 -6.84-6 
  (1.36-3) (1.36-3) (4.33-6) (1.44-7) 
 2 1.19-1 6.13-4 -3.85-5 2.48-7 
  (2.05-3) (1.51-4) (1.07-6) (1.30-8) 
 3 4.16-2 6.87-5 -1.38-6 5.81-9 
  (7.52-3) (1.37-4) (1.99-7) (2.57-9) 
September 1 2.64-2 2.64-2 2.59-4 -5.11-6 
  (9.81-4) (9.81-4) (2.40-6) (9.04-8) 
 2 1.20-1 2.13-3 -7.02-5 4.14-7 
  (2.04-3) (1.37-4) (1.24-6) (1.02-8) 
 3 4.36-2 1.03-4 -2.53-6 1.09-8 
  (6.50-3) (1.04-4) (4.27-7) (3.39-9) 
October 1 2.07-2 2.07-2 4.20-4 -9.37-6 
  (1.05-3) (1.05-3) (8.32-6) (1.24-7) 
 2 1.45-1 7.01-4 -4.30-5 2.72-7 
  (6.46-3) (3.76-4) (1.96-6) (1.06-8) 
 3 5.70-2 -2.71-5 -7.14-8 9.59-10 
  (1.57-2) (2.73-4) (2.91-7) (6.92-9) 
November 1 1.09-2 1.09-2 4.30-4 -9.65-6 
  (2.41-4) (2.41-4) (9.58-6) (2.88-7) 
 2 1.37-1 5.91-4 -4.38-5 3.04-7 
  (1.69-3) (2.12-4) (1.95-6) (7.05-9) 
 3 5.94-2 5.88-4 -1.33-5 5.73-8 
  (5.53-3) (1.19-4) (7.41-7) (2.70-9) 
December 1 1.49-1 1.49-1 -1.42-4 3.83-6 
  (4.56-3) (4.56-3) (5.43-6) (1.72-7) 
 2 1.23-1 1.41-3 -5.93-5 3.95-7 
  (4.41-3) (1.46-4) (3.52-6) (1.97-8) 
 3 6.02-2 9.32-4 -1.78-5 7.66-8 
  (3.10-3) (6.74-5) (9.24-7) (4.18-9) 
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FIGURE 1.  Manufacturing Milk Price: 1970-2009 
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FIGURE 2.  Class III Milk futures - Partially Overlapping Time Series vs. “Nearby” Series 

 

 

 

 

 

 

 

Note: This figure illustrates the difference between the standard analysis of futures prices and POTS model, as 

applied to the Class III milk futures. Contracts are denoted with indexes (e.g. 2004-Jan: 133, 2004-Feb: 134, …). 

Dashed line represents the period when a particular Class III contract traded. Bold line represents data used to create 

continuous 1st nearby series. Unlike the standard analysis of futures prices that use only data segments represented 

with bolded line, POTS model utilizes all traded data for all contracts (both dashed and bold line segments).   
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FIGURE 3.  Class III Milk Futures: Open Interest and Nearby Price 2000-2009. 
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FIGURE 4.  Realized Prediction Errors of Class III Milk Futures Prices. 

 

  



42 
 

FIGURE 5. Class III Milk Futures: Unconditional Standard Deviation of Price Change as a 

Function of Time to Maturity. 

 

  



43 
 

FIGURE 6.   Proportion of Variance Explained by the Common Factor. 
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FIGURE 7.  Common factor importance for Class III milk futures. 
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FIGURE 8.  Proportion of Market Variance Explained by the Common Factor. 
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FIGURE 9.  U.S. Commercial Dairy Cow Slaughter, Percentage of Annual Cull. 
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FIGURE 10.  Manufacturing Milk Price: Sample Spectrum (Jan 1970-Apr 1991). 
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FIGURE 11.  Manufacturing Milk Price: Sample Spectrum (Sep 1988-Dec 2009). 
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TABLE 1.  Specifications of Dairy Futures Contracts. 

 

Contract Contract Size Terminal 
Price/Settlement 

Date First Traded 

Cheddar Cheese 
(NYCSCE) 

10,500 lbs of 
Cheddar cheese, in 
40-lbs blocks 

Physical Delivery June 1993 
(discontinued) 

Nonfat Dry Milk 
(NYCSCE) 

11,000 lbs in 25-
kilo bags 

Physical Delivery June 1993 
(discontinued) 

Fluid-milk Contract (BFP) 
(NYCSCE) 

 Cash Settled April 8, 1997 
(discontinued) 

BFP Milk contract (CME) 200,000 lbs 
(50,000lbs and 
100,000lbs 
available) 

BFP price, Cash 
settled 

1997 (changed to 
Class III Milk 
contract in 2000) 

Butter 40,000 lbs Physical Delivery March 20, 1997 
(discontinued) 

Class III Milk 200,000 lbs of 
Class III Milk 

USDA Announced 
Class III Price for 
contract month, 
Cash Settled 

February 1, 2000 
(Replaced BFP) 

Class IV Milk 200,000 lbs of 
Class IV Milk 

USDA Announced 
Class IV Price for 
contract month, 
Cash Settled 

July 10, 2000 

Cash-Settled Butter 20,000 lbs USDA Announced 
Butter price for 
contract month, 
Cash Settled 

September 19, 2005 

Dry Whey 44,000 lbs USDA Announced 
Dry Whey price for 
contract month, 
Cash Settled 

March 19, 2007 

Nonfat Dry Milk 44,000 lbs of 
Nonfat Dry Milk 

USDA Announced 
Nonfat Dry Milk 
price, Cash Settled 

October 10, 2008 
(discontinued) 

Deliverable Nonfat Dry 
Milk 

44,000 lbs Physical Delivery April 20, 2009 

International Skim Milk 
Powder 

20 Metric Tonnes 
 

Physical Delivery May 10, 2010 

Cheese 20,000 lbs Physical Delivery June 21, 2010 
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TABLE 2. Dairy Prices: Correlations 2000-2009. 

Class III Class IV 

Nonfat 
Dry 
Milk Butter 

Class IV 0.83 1 
Nonfat Dry Milk  0.65 0.89 1 
Butter 0.54 0.46 0.04 1 
Dry Whey 0.54 0.64 0.71 0.14 
Cheddar Cheese  0.95 0.78 
Fluid Milk 0.97 0.90 
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TABLE 3.  Class III Futures: Proportion of variance explained by the common factor. 

 

 

 

 

 

 

 

 

 

 

 

 

 

January 53.5%  
February 56.4%  
March 57.7%  
April 58.7%  
May 63.2% 
Jun 65.2% 
July 71.8%  
August 74.7%  
September 72.3%  
October 65.6%  
November 60.2% 
December 56.0% 


