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SEASONALITY OF HARVEST. ESTIMATING HARVEST FUNCTIONS FOR BOTTOM TRAWLERS 
FOR COD 
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                                                                                 ABSTRACT 
By using harvest data for a North East Arctic Cod Fishery in the Barents Sea for the years 1971-1985 a monthly and 
daily dimensional harvest function is estimated. The seasonal factors are investigated using dummy variables. The 
results indicate that the seasonality is embodied in the catch ability coefficient of the harvest function, and not in the 
catch effort elasticity. However the impact of multicollinarity is to be well aware of when discussing the dummy 
results. The catch effort elasticity is estimated well above unity for most specifications. The catch stock elasticity is 
estimated in the range of 0.18 - 0.23 for different specifications. In the analysis we use panel data methods like 
standard random and fixed effects panel estimation but we also correct for first order autocorrelation in the error 
term. However, the catch biomass elasticity turns out to be negative and significant when correcting for 
autocorrelation.     
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INTRODUCTION 

Fishing effort and the biomass of the harvested species have often been used as the standard factors when estimating 

harvest functions. But a range of other factors—seasonal, vessel-specific, time-specific and geographical—could 

greatly influence the catch rate. This analysis seeks to estimate a harvest function for the bottom trawling cod fishery 

in the Barents Sea and coastal areas in Northern Norway for the years 1971–1985 by using a data set consisting of 

approximately 32,500 daily catch and effort observations from 16 trawler vessels for this area and time period. Data 

is analyzed using panel estimation methods. 

 
Figure 1: The Barents Sea and coast of Northern Norway. Norwegian Economic Zones with bold numbers. 

 

The fishing activity analyzed takes place off the coast in northernmost Norway and in offshore waters between 

Svalbard and Norway in Norwegian Economic Zones 03, 04, 05, 12 and 20. These zones are displayed in Figure 1 

with bold numbers. Of the two remote zones, 12 and 20, Zone 20 is farthest off the Norwegian coast.  

        The criterion for trawler selection from the population of trawlers is that a trawler should have at least one 

registration each year during the time period. The justifications for studying the period 1971–1985 are that such 
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catch data prior to 1971 is unavailable and that a vital change occurred in regulations from 1985 onwards. The 

trawling fishery in the period 1971–1985 could be characterised as a fishery with few quota regulations and no 

dramatic changes in economic regulations (Eide et al. 2003). However, a system with cod vessel group quotas was 

introduced in 1976 and individual trawler quotas commenced in 1982 (Eide et al. 2003). These regulations did not 

hinder fishermen in any significant ways, and the catch and effort decisions taken by the fishermen are considered as 

being to some degree independent of restrictions and regulations. 

         Cod fisheries in Northern Norway have seasonal variations in participation and catch. The peak seasons are in 

the late winter and spring; the low seasons are in the late summer and early fall. Increased availability during the 

peak seasons is mainly due to the spawning-induced migration of the cod from the Barents Sea towards the 

spawning areas along the coast. Compared to the small vessels in the coastal waters, the large trawling vessels on the 

high seas are less affected by this seasonality because they are better able to harvest the smaller, immature fish 

feeding in the Barents Sea. 

       The function to be estimated in this analysis is the well-known Schaefer harvest function with a Cobb-Douglas 

specification in the effort and biomass variable and dummy representation of seasonality. This analysis is closely 

related to that of Eide et al. (2003) because they both utilize the same data set and study some seasonal effects. 

However, in this analysis we will depart from Eide et al. (2003) by, in addition to constructing a daily dimensional 

harvest function, constructing a monthly dimensional harvest function. Another departure in this paper is to use 

dummy variable modelling of the seasonality instead of the trigonometric modelling of seasonality in the 

catchability coefficient made use of by Eide et al. (2003). When it comes to seasonal dummy modelling we 

investigate the seasonality on the intercept term (catchability coefficient) as well as on the slope (catch-effort 

elasticity). Finally we perform panel data analysis in our regression analysis. 

     The remainder of the paper is organized as follows: the second section presents a theoretical background about 

the harvest function; the third section presents a thorough descriptive analysis of the data focusing on the seasonal 

pattern in the data; the fourth section presents the econometric models and specifications, and also discusses some 

econometric problems; the fifth section presents the results from the estimation of both the daily and monthly 

dimensional harvest function with different specifications; finally, some conclusions are made and some suggestions 

are given for further work.  

 

BACKGROUND 

The Schafer function is a standard which is widely used in bio-economic studies; it proposes a general relationship 

between harvest and the two input variables, fishing effort and biomass of the harvested species:  

                                                         ),( XEhh =                                                                        (Eq. 1) 

where E is fishing effort per unit of time, X is biomass per unit of time and h is the catch per unit of time. This 

function is often specified as a Cobb-Douglas function with a multiplicative constant term Q referred to as the 

catchability coefficient and the parameters α and β interpreted as elasticities: 

                                                     βα XQEXEh =),(                                                                (Eq. 2)                                                 
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Generally we assume some differences in the parameters depending on the biological and technical characteristics of 

the fishery under investigation. Morey (1986) and Hannesson (1983) have addressed some difficulties with the 

Cobb-Douglas function. Morey (1986) rejected the Cobb-Douglas specification on empirical grounds and suggested 

the biomass of recruits to be included in the regression function. Hannesson pointed out the problematic aspect in 

that Q is regarded as a constant parameter.  According to Hannesson, this parameter could likely be an inverse 

function of the biomass due to schooling habits when the stock reduces. When it comes to the catch-biomass 

elasticity it is generally assumed and confirmed that there is a distinct difference between demersal fish stocks (cod 

and saithe) and schooling fish stocks (herring and capelin). For schooling fish stocks the elasticity is often low 

because the small stock size does not result in small catches until the schools are finally fished out. For cod the 

catches will gradually be reduced as the stock gradually reduces. 

        A possible problem not much discussed in the literature is the possibility of endogeneity in the harvest function, 

which could occur if fishermen decide in beforehand to catch a certain amount of fish. For example, the fishermen 

could be subject to quotas, or to technical or economic barriers that limit the catch. In such situations it is possible 

that the harvest rate would determine the amount of effort needed. Basch and Dufey (1999) are amongst the few to 

discuss this. The endogeneity question is not handled in this analysis, because an instrumental variable, which is 

necessary for testing, is unavailable. 

      Another problem and one of the main topics in this analysis is the stability of the parameters. Of foremost 

concern in this analysis is the seasonal stability, but vessel-specific and geographical stability could have been 

discussed as well. To account for the instability of the parameters due to seasonality, (2) could be rewritten: 

                                                   βα XEQh S
s= , s =1…S                                                       (Eq. 3) 

where the subscript s represents a seasonal index. In the peak seasons we assume that the parameters of interest (Qs 

and αs) have high values, and that in the low season they have low values. Based on intuitive grounds a similar 

pattern is expected for the catch rate and the effort variable. The catch-biomass elasticity is not given a seasonal 

subscript; we chose to represent the seasonality in the slope parameters in the more interesting catch-effort elasticity.  

        Profit maximizing and cost minimizing problems in fisheries are widely discussed and formalized in the 

literature, but as far as we can see the problems are insufficiently discussed with respect to exogenous seasonal 

variations.i  On intuitive grounds we claim that an individual fisher or vessel owner will have incentives to harvest 

when the prospect of large catches is high. It must also be considered that less effort is actually needed to catch a 

specified amount of fish in the peak seasons than in the low seasons, and this fact could tend to smooth out seasonal 

variations in effort and participation.  

 

DATA DESCRIPTIONS AND SEASONALITY 

The catch and effort observations are all attached to the specific day in the specific year in which they are sampled. 

It must be noted that the data set is somewhat imperfect because the vessels do not participate in the fishery every 

day and this results in frequent gaps in the time series.ii In the data set there are actually no observations in the last 

week in December and very few observations in the first week of January. There are also a lot more observations in 

the peak season than in the low season. When the sample covers daily observations of 16 vessels over 15 years it is 
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easily calculated that the possible numbers of daily observations are 87,600. Given the sample size 32,511 we see 

that 37 % of the possible population of dates are covered by the data set. For the monthly dimensional data set the 

possible number of observations is 2,880; the sample size 1,941 indicates that for the monthly data 67 % of the 

possible population of months are covered by the sample. Table 1 gives an overview of the monthly-, yearly- and 

vessel-specific distribution of both the daily and monthly data. We see that there is an overrepresentation of 

observations in the first half of the year and fewer observations in the second half of the year. The yearly distribution 

is uneven. There are very few observations in 1971, more observations in 1980–1985 and even still more 

observations for the period 1972–1979. Only a few vessels have catches registered in 1971.  

 
             Table 1: Monthly-, yearly- and vessel specific distribution of daily and monthly observations 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Having discussed the frequency of observations along different dimensions we next discuss the variations in the 

catch and effort rates throughout the year when adjusting for frequency of observations. In Table 2 we give some 

statistics for the catch and effort rates over the different months for both the daily and monthly data sets. A higher 

catch rate in the first half of the year is expected. This is also what is found in Eide et al. (2003).  

 
                       Table 2: Catch and effort rate, from daily and monthly dimensional data 

 

From the table we notice that the catch rate varies a lot for both data sets, but the variation is relatively much larger 

for the monthly dimensional data set. The effort rate calculated from the monthly data has a seasonality pattern that 

Month: 
 

Daily/monthly 
observations: 

Year: Daily/monthly 
observations: 

Vessel 
number: 

Daily/monthly 
observations: 

January 
February 
March  
April 
May 
June 
 July 
August 
September 
October 
November 
December 
Sum 

3412 / 185 
3555 / 182 
3673 / 183 
3163 / 191 
3666 / 183 
2888 / 161 
1827 / 114 
1604 / 116 
1899 / 149 
2362 / 168 
2848 / 171 
1614 / 138 
32,511 / 1,941 

1971 
1972 
1973 
1974 
1975 
1976 
1977 
1978 
1979 
1980 
1981 
1982 
1983 
1984 
1985  
Sum 

718 / 39 
2717 / 152 
2474 / 155 
2779 / 168   
2780 / 178 
2384 / 142 
2947 / 155 
3053 / 168 
3149 / 163 
1578 / 104 
1532 / 107 
1575 / 109 
1464 / 93 
1904 / 114 
1457 / 94 
32,511 / 1,941 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
Sum 

2172 / 115 
1977 / 123 
2332 / 131 
2036 / 124 
2295 / 131 
2288 / 134 
1764 / 113 
2057 / 126 
1988 / 126 
1825 / 110 
2186 / 129 
1765 / 108 
2562 / 147 
1808 / 114 
1771 / 105 
1685 / 105 
32,511 / 1,941 

 Jan Feb March April May June July Aug Sept Oct Nov Dec 

Daily catch rate 

Daily effort rate 

Monthly catch rate 

Monthly effort rate 

7.67 

16.7 

141.5 

308.3 

8.27 

15.8 

161.7 

309.4 

11.9 

15.9 

239 

319 

9.27 

15.9 

153.6 

263 

9.43 

15.8 

189 

316.9 

9.98 

16.3 

179 

291 

7.35 

16.4 

118 

263 

5.98 

16.9 

83 

233 

4.09 

16.3 

52 

208 

4.40 

16.3 

61.9 

229 

4.64 

16.7 

86 

277 

6.75 

16.7 

79 

195 
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is parallel to the seasonality pattern found for the catch rate; however, there is no seasonality in the effort rate from 

the daily data.  

          The seasonal variation in the catch rate could be described in more detail by the daily dimensional data set by 

an average calculation of the catch rate for all the specific dates in the year. This is done by totalling all catch 

registered on each date and then dividing the daily totals by the number of sample observations for each date. This 

gives the graph presented in Figure 2.iii The seasonal pattern indicates that the daily catch rises in February and in 

March, drops remarkably in April, and then rises again in May. The vertex in February and March is higher than the 

vertex in May and June.iv The first vertex in late winter and spring is due the spawning migration which increases 

the availability of the cod especially in coastal areas. The second vertex coincides with the fishery for immature cod 

feeding on capelin which is a fishery taking place along the coast after the fishery for spawning migratory cod.  
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                  Figure 2: Average daily catch in tonnes. Based on daily dimensional data set. 

Constructing dummy variables could be done in several ways. The traditional way to do it is to assign dummies for 

specific time periods (weeks, months). In the analysis on the monthly data that method is followed. For the data set 

with daily data I will, in a somewhat untraditional way, assign dummies according to the average catch rate 

discovered in Figure 2. By this method I will group dates together according to similarities suggested by the 

descriptive analysis. Instead of calling these dummies for pure seasonal dummies we will merely call them for 

‘seasonal category dummies‘ because we want to indicate that the observations are grouped together because they 

share some expected characteristics. For this data set a second analysis is done with dummy variables representing 

the impact of the two vertexes in Figure 2. These two dummies are therefore supposed to mark the occurrence of the 

fishery for spawners and the fishery for immature cod feeding on capelin.  

      The biomass variable is considered as a rather problematic variable because of the difficulties in finding the 

correct biomass estimate for each month and each day in the years 1971–1985. Biomass estimates for the Northeast 

Arctic Cod stock are calculated by the ICES Arctic Fisheries Working Group (Anon, 2004) and their data refer to 

the first of January for each year and give estimates for the whole fishable biomass (cohort 3+ and older). Eide et al. 

(2003) use the first January biomass data from older ICES data (Anon, 2001) and perform an interpolation on these 

data in order to find a biomass estimate for each day. A similar, but simpler, method is followed in this analysis 

based on data from the most recent first of January ICES data (Anon, 2004). Based on the first of January biomass 
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data for each year we calculate a biomass level for each day by solving the equation: Biomass72 =Biomass71 

+α(365)1.5. The parameter α is then calculated in order to find how the level of the biomass changes throughout the 

year (e.g. 1972) as the number of days goes from 1 to 365 (If we use the monthly data the number in the parenthesis 

in this equation goes from 1 to 12.) The number 1.5 is chosen in order to get smoothness as the biomass evolves 

over time. 

      The problems with the biomass variable when estimating production functions in fisheries are reckoned and 

discussed by Andersen (2005). In the absence of reliable biomass estimates several authors use year-, month-, area 

and weather dummies in order to account for biomass effects in regression analysis (see Andersen (2005) for 

references). In addition to the dummy approach, calculations of CPUE have been used in some studies as proxies for 

reliable biomass estimates (Andersen, 2005). 

 

ECONOMETRIC MODEL 

A logarithmic transformation of (3) is given in (4). The logarithmic form makes it possible to interpret the estimated 

parameters as elasticities, and gives interesting interpretations of the dummy parameters.  

                             XEqh ss lnlnln βα ++= ,   s = 1…S,  qS = lnQs                                                   (Eq. 4) 

As suggested by the seasonal indexes in (3) and (4) we assign dummies on both the catchability term and the catch-

effort elasticity. Assigning dummies in this way is regarded by Green and Doll (1974), for example, as being a 

source of confusing results. Greene and Doll give attention to the obvious fact that there is substantial 

multicollinarity between the two dummy variable groups because they share the same zero and non-zero values. We 

would argue that in this analysis it is generally justified to run the regression with two sets of dummy variables 

because we met the requirements set by Green and Doll. However, the results must be analysed with the 

multicollinarity problem in mind. Green and Doll argue that we should test the appropriateness of the inclusion of 

some set of slope dummies (or some set of intercept dummies), when intercept dummies (slope dummies) already 

are present in the equation, by using the F test to evaluate the contribution to the regression. If the F test fails we 

should not include the slope dummies (intercept dummies). We will see in this analysis see that these F tests will in 

general hold and therefore we can retain both the intercept and slope dummies in the regression. We will, however, 

see that there is a strong mutual dependence between the dummies. 

       Assigning seasonal dummies for specific parts of the year is a rather standard procedure in econometric 

analysis, but for the daily dimensional data set we assign dummies related to different categories based on Figure 2. 

From Figure 2 we construct the categories as follows: Category 1 consists of dates with catch per day less than 4 

tonnes; Category 2: 4–6 tonnes; Category 3: 6–8 tonnes; Category 4: 8–10 tonnes; Category 5: 10–12 tonnes and 

Category 6: more than 12 tonnes. Furthermore, from figure 2, we see that these dummies are activated off and on 

throughout the year; this is different from how traditional seasonal dummies are activated.v 

       The model with seasonal dummies on both the constant term and the slope term is presented in (5). In all three 

equations we add the composite error term that is often specified in panel data analysis.  For the data set with daily 

dimensional observations we include a dummy for fishing activity in Economic Zones 12 and 20 in order to correct 

the results for the distant waters fishing activity (DDWit). Equation (5) is a general function that represents the 
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different dummy variable specifications for the two data sets. The footprint t represents the time dimension: t is 

therefore, when we have daily harvest observations, running from January 1, 1971 to December 31, 1985. With 

monthly observations t runs from January 1971 to December 1985. We have corrected for the gaps in time series 

such that, for example, for all vessels t = 366 for January 1, 1972 or t = 13 for January 1972. The footprint i 

indicates vessels and runs from 1 to 16.  

             itiitDWtti
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,                    (Eq. 5)                  

In this analysis we use standard panel methods as random effects and fixed effects. An introduction into panel data 

and random and fixed effects is given in Greene (2003) pp. 287–303 and the following discussion is based on 

Greene. The panel dimension in the data is indicated by the composite error term given in Equation (5): vi + uit. This 

error term indicates that there is some unexplained variation that differs from vessel to vessel (vi), in addition to the 

error term uit which varies both over vessel and time. In a random effects model we treat (vi + uit ) as an ordinary 

error term. If the variance 2
ivσ  is non-zero the composite error term would be autocorrelated and in the random 

effects model we therefore use FGLS (feasible generalised least square). The standard way of testing this 

assumption of non-zero variance is by using a Langrange multiplier test. If the test statistic for this test exceeds the 

critical values we can then conclude that the classical regression model with a single constant term is inappropriate 

for the data. After eventually finding that the ordinary classical regression must be replaced by a panel data model 

we must decide what the proper panel data model would be. The question is therefore whether the term vi is 

correlated with the regressors. If so, the random effects model will give inconsistent estimates and must be replaced 

by the fixed effects model that will give consistent estimates. If there is no such correlation the random effects 

model is to be preferred in terms of efficiency.  In the fixed effects model we allow for correlation between the 

regressors and vi by transforming the regression such that we do a regression on time-demeaned data in which the 

time-constant vessel-specific error term vi is swept away.vi The test suitable for deciding between the random effects 

model and the fixed effects model is the so called Hausman test which compares the asymptotic properties between 

the random effects and the fixed effects parameters. Under the null hypothesis of no correlation both the random- 

and fixed effects results are consistent and the results should not differ systematically whereas under the alternative 

hypothesis the random effects results are inconsistent so that the results differs. See Greene (2003) pp. 301–302 for 

the technical details. The software STATA used in this analysis is in its implementations of the random- and fixed 

effects model supposed to correct for the properties of the unbalanced data sets (StataCorp, 2001). Baltagi and 

Chang (1994) gives the theoretical justifications for the assumptions about the reliable properties of the estimators 

from an unbalanced panel. 

      In addition to the ordinary random- and fixed effects model we perform random- and fixed effects estimations 

where we correct for a first order autocorrelation in the error term. According to StataCorp (2001) and Baltagi and 

Wu (1999) also these options correct for the unbalanced properties of the data set.  In order to assess the degree of 

autocorrelation we report the Baltagi-Wu locally best invariant (LBI) test (Baltagi and Wu, 1999).  

 

REGRESSION RESULTS 
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We report results for both the standard random- and fixed effects model and for the random- and fixed effects model 

with correction for autocorrelation of first order. There are two reasons for reporting results for both these models; 

first, we fail to get conclusive results from the Hausman test, and second, the fixed effect model with first order 

autocorrelation gives some unexpected and counterintuitive results for the catch-biomass parameter.  

       In the first part of this section (table 3 and 4) we present results from the analysis of the daily dimensional data 

set and in the next part (table 5 and 6) we report from the analysis of the monthly dimensional data set. We only 

present results from models where we assign dummies on both the intercept and slope. 

        Table 3 gives results from the regressions with seasonal category dummies for the random- (RE) and fixed 

effect (FE) models both with and without correcting for the first order autocorrelation process.  

                                                                                                                          
Table 3: Daily dimensional harvest function with seasonal 

category dummy variables. Standard RE and FE and RE and FE allowing AR(1) process. 
 RE FE RE with AR(1) FE with AR(1) 

Effort 

Biomass 

Zones 12&20 

S. cat 2 (δ / φ) 

S. cat 3 (δ / φ) 

S. cat 4 (δ / φ) 

S. cat 5 (δ / φ) 

S. cat 6 (δ / φ) 

R2 

Observations 

1.29 (29.1) 

0.19 (14.3) 

0.26 (20.3) 

0.37 (2.6) / 0.01 (0.21) 

1.3 (9.47) / -0.12 (-2.51) 

1.48 (10.8) / -0.13 (-2.6) 

2.17 (14.6) / -0.30 (-5.5) 

2.45 (14.4) / -0.33 (-5.4) 

0.35 

32,511 

1.29 (29.2) 

0.18  (14.3) 

0.22 (16.9) 

0.36 (2.6) / 0.13 (0.25) 

1.3 (9.5) / -0.13 (-2.6) 

1.45 (10.7) / -0.13 (-2.7) 

2.15 (14.6) / -0.31 (-5.6) 

2.41 (14.3) / -0.33 (-5.4) 

0.35 

32,511 

1.16 (38.2) 

0.23  (7.6) 

0.10 (6.5) 

0.26 (2.7) / -0.03 (-0.92) 

0.64 (6.7) / -0.07 ( 2.17) 

0.69 (7.3) / -0.03 (-1.0) 

1.18 (11.5) / -0.15 (-4.3) 

1.29 (11.0) / -0.16 (-3.9)   

0.32 

32,511 

1.08 (36.2) 

-0.15 (-22.6) 

0.12 (7.9) 

0.05 (0.8) / 0.04 (1.24) 

0.43 (4.55) / 0.01 (0.04) 

0.48 (5.1)/ 0.04 (1.22) 

0.96 (9.4) / -0.08 (-2.19) 

1.1 (9.2) / -0.09 (-2.21)    

0.31 

32,495 

Langr. m. test 

Hausman test 

Baltagi-Wu test 

12,000 (0.00) 

2,392.2 (0.00) 

 

No result generated 

No result generated 

0.912 

The t–values are in parenthesis. Langrange multiplier test cannot be calculated for an RE model with AR(1) process. 
The software fails to give results on the Hausman test for the AR(1) model. 
 
These results show that there are differences between the models with and without correcting for autocorrelation in 

the error terms. Starting with the standard RE and FE results we see that the parameter estimates do not differ 

notably. The Langrange multiplier test suggests panel models instead of ordinary OLS, and we see that the Hausman 

test however gives a preference to the FE results. The Baltagi-Wu LBI test shows that there is serial correlation in 

the data; so, the results from the RE and FE with correcting for autocorrelation should be preferred. From the results 

we generally see that the catch-effort elasticity is high (and highly significant) but lowest for the models allowing 

autocorrelation. Catch-effort elasticity in the range of 1.08–1.29 coincides with the results in Eide et al. (2003). The 

catch-biomass elasticity is low, but also highly significant, showing that the effect of a changing biomass size on the 

catch rate is low. What is remarkable is that the catch-biomass elasticity is negative and significant for the FE 

autocorrelation model. No obvious reason is found for this result. When it comes to the seasonal category dummies 

we see that the seasonal dummies on the constant term are significant and have the expected sign according to the 
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descriptive analysis. However the seasonal dummies on the slope coefficient have the opposite of the expected sign. 

This leads us to suspect that the expected seasonality of the harvest function is best modelled in the constant term. 

The problems of multicollinarity must be remembered; if we leave out either the slope dummies or the intercept 

dummies we get that the seasonality can be captured in both the intercept dummies and slope dummies coefficients. 

In the models correcting for autocorrelation, the seasonal parameters are reduced so that the results are more 

reasonable measured in terms of percentage impact on the catch ratevii. Because of this fact, and the counterintuitive 

result for the catch-biomass elasticity for the FE model with AR(1) process, the RE model with AR(1) process is 

regarded as appropriate. This is despite the fact that the Hausman test gives some counterarguments for the RE 

model. For the two models with corrections for autocorrelation the software fails to generate a result for the 

Hausman test.  

     In Table 4 we once again use the daily dimensional data and assign dummies for the two vertexes imaged in 

Figure 2. The dummy for the first and second vertexes covers observations from the 57th to the 105th and from the 

128th to the 180th day in the year, respectively. The results in Table 4 mainly confirm and correspond to what is 

already found in Table 3. For this model we also find that the catch-biomass elasticity is negative and significant for 

the FE model correcting for the first order autocorrelation. The seasonal parameters for the second vertex are, as 

expected, smaller and less significant than the seasonal parameters for the first vertex.  

 
                                          Table 4: Daily dimensional harvest function with two 

dummies for vertexes in Figure 2. Standard RE and FE and RE and FE allowing AR(1) process. 
 RE FE RE with AR(1) FE with AR(1) 

Effort 

Biomass 

Zone 12&20 

1. vertex  (δ / φ) 

2. vertex  (δ / φ) 

R2 

Observations 

1.23 (82.3) 

0.23 (17.1) 

0.06 (4.9) 

1.25 (14.5) / -0.2 (6.7) 

0.69 (7.5) / -0.12 (3.6) 

0.28 

32,511 

1.22 (82.4) 

0.23 (17.10) 

0.05 (3.80) 

1.24 (14.5) / -0.2 (-6.7) 

6.9 (7.5) / -0.12 (-3.7) 

0.27 

32,511 

1.12 (114.2) 

0.24 (7.3) 

0.08 (4.9) 

0.8 (13.4) / -0.13 (-6.2) 

0.22 (3.3) / 0.014 (0.6) 

0.27 

32,511 

1.11 (113.2) 

-0.13 (-36.05) 

0.1 (6.3) 

0.8 (13.1) / -0.12 (-5.9) 

0.19 (2.9) / 0.02 (0.9) 

0.25 

32,945 

Langr. m. Test 

Hausman test 

Baltagi-Wu test 

1,600 (0.00) 

1,602.4 (0.00) 

No result generated 

No result generated 

0.848 

The t–values are in parenthesis. Langrange multiplier test cannot be calculated for an RE model with AR(1) process. 
The software fails to give results on the Hausman test for the AR(1) model. 
 
Analysis on monthly dimensional data set, reported in Tables 5 and 6, gives results that are somewhat parallel to 

those for the daily dimensional data set. In the analysis reported in Table 5 one seasonal dummy variable is assigned 

to months January–June. In order to disguise monthly differences in the chatchability coefficient and the catch-effort 

elasticity 11 dummies are constructed in the analysis reported in Table 6  
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                                  Table 5: Monthly dimensional harvest function with one dummy 
for the first 6 months. Standard RE and FE and RE and FE allowing AR(1) process 

 RE FE RE with AR(1) FE with AR(1) 

Effort 

Biomass 

Jan–June (δ/φ) 

R2   

Observations 

1.09 (40.8) 

0.21 (5.74) 

1.24 (5.52) / -0.1 (-2.7) 

0.63 

1941 

1.09 (41.4) 

0.2 (5.6) 

1.25 (5.6) / -0.11 (-2.7) 

0.63 

1941 

1.12 (46.1) 

0.2 (3.4) 

0.93 (4.6) / -0.08 (-2.2) 

0.63 

1941 

1.09 (44.9) 

-0.15 (-10.63) 

0.79 (3.9) / -0.05 (-1.5) 

0.61 

1925 

Langr. m test 

Hausman test 

Baltagi-Wu test 

2,777.59 (0.00) 

No result generated 

No results generated 

No result generated 

1.51 

The t–values are in parenthesis. Langrange multiplier test cannot be calculated for an RE model with AR(1) process. 
The software fails to give results on the Hausman test for all models. 
 

                                                              Table 6: Monthly dimensional harvest 
         function with month dummies. Standard RE and FE and RE and FE allowing AR(1) process. 

The t–values are in parenthesis. Langrange multiplier test cannot be calculated for an RE model with AR(1) process. 
The software fails to give results on the Hausman test for all models 
       
 In table 5 the catch-effort elasticity is still highly significant. The catch-biomass elasticity parameter is still 

significant but negative for the FE model allowing for autocorrelation. Like the results for the daily dimensional data 

set, the dummy representing fishing activity in January–June has the expected sign when assigned to the 

chatchability term; assigned to the catch-effort elasticity it is negative. Finally we see that the Hausman test is 

 RE FE RE with AR(1) FE with AR(1) 

Effort 

Biomass 

Jan (δ / φ) 

Feb (δ / φ) 

Mar (δ / φ) 

Apr (δ / φ) 

May (δ / φ) 

June (δ / φ) 

July (δ 7 φ) 

Aug (δ / φ) 

Oct (δ / φ)  

Nov (δ / φ) 

Dec (δ / φ) 

R2 

Observations 

0.97 (13.9) 

0.22 (5.6) 

1.07 (1.4) / -0.05 (-0.35) 

-0.11 (-0.18) / 0.17 (1.6) 

2.25 (3.73) / -0.18 (-1.6) 

0.49 (0.84) / 0.07 (0.7) 

1.62 (3.0) / -0.13 (-1.3) 

0.47 (0.96) / 0.08 (0.9) 

1.24 (2.3) / -0.11 (-1.1) 

-0.96 (-1.94) / 0.24 (2.5) 

-0.09(-0.18) / 0.17(0.19) 

-1.1 (-2.16) / 0.24 (2.5) 

-0.51 (-0.9) / 0.19 (1.7) 

0.67 

1941 

1.01 (13.8) 

0.18 (4.9) 

0.91 (1.3) / -0.26 (-0.2) 

-0.04 (-0.07) / 0.16 (1.5) 

2.18 (3.9) / -0.17 (-1.7) 

0.33 (0.6) / 0.09 (0.93) 

1.93 (3.9) / -0.2 (-2.17) 

0.91 (2.03) / -0.2 (-0.2) 

1.24 (2.5) / -0.13 (-1.4) 

-0.63 (-1.4) / 0.17 (1.9) 

-0.2 (-0.5) / 0.04 (0.5) 

-1.17 (-2.5) / 0.25 (2.9) 

-0.14 (-0.26) / 0.12 (1.2) 

0.66 

1941 

1.08 (19.2) 

0.18 (3.16) 

1.17 (1.86) / -0.08 (-0.7) 

0.05 (0.1) / 0.13 (1.45) 

1.99 (4.05) / -0.14 (-1.6) 

0.17 (0.36) / 0.11 (1.3) 

1.82 (4.1) / -0.18 (-2.3) 

1.24 (3.13) / -0.08 (-1.1) 

1.16 (2.7) / -0.13 (-1.55) 

-0.09 (-0.2) / 0.07 (0.96) 

-0.1 (-0.3) / -0.2 (-0.24) 

-0.8 (-1.9) / -0.2 (-2.26) 

0.016 (0.03) / 0.09 (0.9) 

0.66 

1941 

0.97 (18.42) 

-0.09 (-4.0) 

0.7 (1.04) / 0.02 (0.1) 

-0.5 (-1.1) / 0.2 (2.8) 

1.4 (2.9) / -0.03 (-0.3) 

-0.49 (-1.1) / 0.25 (2.9) 

1.26 (2.9) / -0.07 (-0.9) 

0.69 (1.8) / 0.03 (0.4) 

0.54 (1.27)/-0.02 (-0.03) 

-0.8 (-1.97) / 0.2 (2.7) 

-0.65 (-1.8) / 0.12 (1.8) 

-1.4 (-3.4) / 0.3 (3.8) 

-0.51 (-1.14) / 0.2 (2.2) 

0.65 

1925 

Langr. m. test 

Hausman test 

Baltagi-Wu test     

2,909 (0.00) 

No result generated 

No result generated 

No result generated 

1.481 
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inconclusive for all models; the software fail to report results for this test. The Baltagi-Wu LBI test shows us that 

there is serial correlation in the monthly dimensional data set as well, but less than for the daily dimensional data set.  
         The results in Table 6 are somewhat different from those in Table 3–5. What has here changed from the 3 

foregoing model specifications is that few of the seasonal dummy parameters are significant, and with expected 

sign. For some months in the peak season the seasonal dummies are significant on neither the intercept nor the slope 

dummies. However, we can see judged by ordinary F tests of the joint significance of either the group of the slope or 

intercept coefficients that these groups of dummies are jointly significant. However some individual slope 

(intercept) dummies should be left out for the sake of getting reasonable seasonal results for the remaining intercept 

(slope) dummies. In Table 6 we also see that the catch-effort is still highly significant for all models; the peculiar 

result for catch-biomass elasticity in the FE model allowing for autocorrelation is found also for this model 

specification. The Hausman test is, as in Table 5, inconclusive for all models. 

 
CONCLUDING REMARKS 
 
The purpose of this analysis was to estimate a harvest function for bottom trawlers for cod. Because of the detailed 

time-specific registration of the catch and effort data we have found it reasonable to construct some seasonal 

variables. Similar to Eide et al. (2003), we find substantial explanatory power in the seasonal component of the 

models and we conclude that the seasonality of the harvest function is mostly represented by the constant term in the 

harvest function. The catch-effort elasticity seems to be a rather stable parameter above one for different 

specifications of the models. For the random effects model with AR(1) we find reasonable results for the catch-

biomass estimate, but the results for the fixed effect models allowing for AR(1) process are very contrary to what we 

expect. Because of the autocorrelation in the data, models that corrects for the AR(1) process are preferred. The 

Hausman test gives a preference to the FE models but the counterintuitive result for the FE model correcting for 

autocorrelation is an argument for the RE model with AR(1) process.  

         One of the lessons to be learned from this analysis is that there is a gap between the theoretical seasonal 

harvest function and the econometric problems of multicollinarity when it comes to modeling seasonality. There is a 

strong mutual relationship between the seasonal dummies that to some degree distorts the two different estimates, 

especially for the monthly data set when using monthly dummy variables. 

      Other questions have been raised through this analysis in addition to the seasonality question. An obvious 

question concerns endogeneity in the harvest function. We know from econometric theory that the endogeneity leads 

to inconsistency of the parameter estimates. Another question to be considered is the biomass question which is not 

perfectly solved. As Eide et al. (2003) suggests there could be of interest to divide the catch and biomass into the 

different fishable cohorts. Such data has not been available for this analysis. 

    Finally, although this empirical investigation has revealed some seasonal features, more work remains to be done, 

such as analysing bioeconomics of seasonality for this particular fishery and seasonal fisheries in general.  
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 ENDNOTES 
                                                 
i In some studies seasonality in fisheries is discussed, e.g. Bisack (2000), Kellogg, Easley and Johnson (1988) and 
Flaaten (1983). Copes (1986) briefly discuss seasonality and individual quotas in marine fisheries.  
ii It must be stressed that the gaps are not due to omitted registrations of fishing activity. If this had been the case the 
problems with bias in the sample would have had to have been considered. 
iii The curve in Figure 2 is however not smooth; this is surprising because we would expect the day-to-day 
differences to be smoothed throughout the 15 years from 1971 to 1985. 
iv The irregular patterns in the figure at the start and at the end of the year are because of no or very few observations 
around Christmas and New Years Eve.   
v For all the different dummy methods we use the period in which we anticipate the lowest catch as a benchmark. 
vi This transformation is pointed out by Greene (2003) pp. 287 as being equivalent to doing a least square dummy 
variable (LSDV) model which is an ordinary least squares model where dummy variables correct for the impact of 
the panel dimension in the data set.  
vii Calculating the percentage effect from an intercept dummy coefficient is straightforward if the dependent variable 
is in logarithmic form. Take the antilog of the estimated parameter and subtract 1 one from it. If we multiply by 100 
we get the percentage effect. See Gujarati (1995) and Halvorsen and Palmquist (1980) for further details.  


