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ABSTRACT

Most of the wild fish stocks in Malawi either are fully or over exploited. This challenge
underpins importance of forecasting using available data to support sustainable fisheries
management. The study aimed at modelling and forecasting Catfish (Mlamba) species
yield from artisan fishery on Lake Malawi in Mangochi District as they are becoming
important food fish due to decline of more important fish species such as Oreochromis
(Chambo). The study was based on secondary data on fish catches between1976 and
2012, collected from Fisheries Research Unit of the Department of Fisheries in Malawi.
The study considered Autoregressive Integrated Moving Average (ARIMA) processes
to select an appropriate stochastic model for forecasting the species yield. Appropriate
models were chosen based on ARIMA (p, d, q). Autocorrelation function (ACF), Partial
autocorrelation (PACF), Akaike Information Criteria (AIC), Box-Ljung statistics,
correlogram of residual errors, distribution of residual errors, ME, RMSE, MAPE and
MAE. Selected model was ARIMA (0, 0, 1) for forecasting artisan landings of Catfish
from Lake Malawi in Mangochi District from 2013 to 2022. Based on the chosen model,
forecast for artisan Catfish landings showed mean of 352 tonnes and mean of actual
catches was 362 tonnes. However, catches in year 2022 are projected to be 360 tonnes,
slightly below the actual catches mean but above 236 tonnes in 2010, assuming other
factors remain constant. Confidence intervals of the forecasts included a zero and as such
over exploitation of the species cannot be ruled out. Landings of the fishery will increase
to 360 tonnes and remain stable through year 2022 necessitating fisheries management
consideration to improve the trend. Policy makers should secure sustainable exploitation
of Catfish species, among artisan fishery in the study area by controlling all fishing effort
that lands the species such as gillnets, beach seines, open water seines among others.
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INTRODUCTION

The fishery resource in Malawi makes a significant contribution to the Gross Domestic
Product (GDP) estimated at about 4% [1, 2] and foreign exchange earnings more
especially on ornamental fish trade. The fishery also provides both direct and indirect
employment and supply relatively cheap animal protein to the population, thereby
preventing cases of malnutrition especially in expectant women and children under five
years of age [2]. Fish resource utilisation is a crucial economic activity, which provides
a sustainable flow of ecosystem services to human society [3].

However, in many countries fisheries economic efficiency has significantly declined [4].
This is caused mainly by over-exploitation, which has been influenced by over
population. The open access policy to the fishery resource is also blamed for the over
exploitation [3] as well as weak enforcement [5]. The climatic fluctuations have also
been reported to be another causative agent for the fishery resources declining [6]. This
study focused on Catfish as it is becoming an important food fish due to decline of more
important fish species such as Oreochromis (Chambo). There is need to improve
management of our fisheries resources to restoration. One of the ways to do that is to
provide our policy makers with an opportunity to make evidence base decisions [7, 8, 9,
10]. This is possible if the policy makers are provided with adequate and accurate
information on the status of the fishery now and in the near future. The status of the
fisheries stock in the future can be arrived at by forecasting. Forecasting has been used
lately in fisheries to predict fish landing, fishing effort and aquaculture production on a
farm. Modelling and forecasting in fisheries can as well assess if employed strategies to
manage the fisheries resources in an area are efficient or not, in order to develop ways to
improve them to save the collapsing fisheries.

Fisheries landings are univariate data that can be fitted and forecast by simple time series
models with a stochastic process generated by unknown causes. The assumption made
on the time series data is that future values of the series can be predicted as a linear
combination of previously recorded values and estimates of current and previous random
shocks to the fishery [11]. Linear regression, autoregressive, moving average, and
Autoregressive Integrated Moving Average (ARIMA) are some of the models that have
been applied to forecast the landings and catch per unit effort of different fisheries
resources [12, 13, 14, 15]. The autoregressive (AR), moving average (MA),
autoregressive moving average (ARMA) and autoregressive integrated moving average
(ARIMA) models are applicable where the data series is proved to be stationary. The
data series that is not stationary is transformed to be stationary through different methods
such as differencing. This study employed ARIMA models to forecast the artisan fish
landings of Catfish for the data proved stationary or could be transformed to be
stationary.

Catfish data used in this study comprised of several species from Clariidae family of
which Bathyclarias species are most common in the study area; however, they are not
the most studied member of suborder Siluroidae [16]. The diets of Catfish comprise small
or young fish, zooplanktons, insect, molluscs, green algae and aquatic vegetation [17].
Catfish is an opportunistic omnivore, which can vary food according to availability [18]
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and can withstand low dissolved oxygen and highly turbid water. These characters make
Catfish survive harsh condition, which very few fish species can. These have made the
species to maintain their stock size relatively stable while the other fish stocks are
dwindling with the current fisheries management strategies and their implementation
levels.

METERIALS AND METHODS

Area covered by the study

This study covered Lake Malawi in Mangochi District on all seven (7) minor strata,
namely 2.1, 2.2,2.3,2.4,2.5, 2.6 and 3.1 as shown in Figure 1. The study only involved
the artisan fishery and excluded the commercial fishery that is also in the area as
modelling and forecasting of commercial fish landings in Mangochi had already been
done [19]. The artisan fishers employ several fishing efforts that land the species such as
gillnets, beach seines, open water seines among others. Mangochi district has been
chosen for this study as it has the highest number of small-scale fisheries compared to
any other district. The district has the most productive fishery of Lake Malawi as well.
The artisan fishery has been chosen for this study because it is open access.
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Figure 1: Map of southern part of Lake Malawi showing all minor strata 2.1 to 3.1
of Mangochi Districts
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Source of data

The study used secondary data of Catfish species landings by artisan fisheries on Lake
Malawi in Mangochi District from 1976 to 2012. The lake in the district is divided into
major strata which are farther divided into minor strata. These minor strata have several
landing sites. These divisions or sections were made to aid management of the fisheries
resources. The data were collected from Fisheries Research Unit (FRU) at Monkey Bay
in Mangochi District. Mangochi District has a total of seven (7) strata as shown in Figure
1. The FRU is under the Department of Fisheries in the Ministry of Agriculture, Irrigation
and Water Development in Malawi.

Operationalisation of the data variable

The catch data used were measured in kilograms (wet weight) and converted to tonnage
annually. The catch was recorded at the fishing landing site soon after landing. Total
catch from all the seven (7) strata (Figure 1) was summed up respective of individual
species to come up with specific fish species landings in a particular year.

Descriptive statistics
The data were univariate. The characteristics of the data were summarized using the
descriptive statistics shown in the Table 1.

Model identification
The model identification was carried out by following the process below.

Testing for trend in the time series
Graphical analysis method and Mann Kendall test were used to detect the presence of
trends in the time series data set for Catfish (Table 2 and Figure 2).

The trend was not significant in the time series for Catfish. This implied that there was
no need to remove trend by transforming the data through differencing the data.
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Figure 2: Annual fish catches between 1976 and 2012 for Catfish landings
Autocorrelation functions (ACF)

There were significant lags in autocorrelation functions for Catfish (Figure 3). This
implied that moving average parameters could be determined. The appropriate model for
the time series for Catfish was the autoregressive integrated moving average (ARIMA)
model with no differencing for the time series for Catfish.
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Figure 3: Autocorrelation functions (ACF) for Catfish

Partial autocorrelation functions (PACF)

There were significant lags in partial autocorrelation functions for Catfish (Figure 4). It
was already determined from the ACF (Figure 3) that the appropriate model for the time
series for Catfish was the autoregressive integrated moving average (ARIMA) model
with no differencing for the time series for Catfish. The partial autocorrelation function
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showed that the parameters of the autoregressive (AR) part of the ARIMA model could
be determined.
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Figure 4: Partial autocorrelation functions (PACF) for Catfish

The time series data of annual fish landings for the cat fish species were subjected to
stationarity test. If the data had a trend then differencing was made. Once the data were
found stationary, correlograms were generated to observe if there were significant lags.
For the data with significant lags on the correlogram, ARIMA modelling process was
employed. The AIC was used to identify a better fitting model amongst the fitted possible
models. The model with lowest AIC was chosen. The best fitting model was later
subjected to a diagnosis testing to examine how best it fitted the data. If the model passed
the test, forecasts were made.

The Mean Error (ME), Root Mean Squared Error (RMSE), Mean Absolute Percentage
Error (MAPE) and Mean Absolute Error (MAE) were used to measure the accuracy of
the fitted time series models. In addition, RMSE and MAE were used to serve as
measures for comparing forecast of the same series across different models. The
conclusion made was that the smaller the error, the better the forecasting power of the
generated model. These were calculated as follows:

MAE = mean(|e;|) (D

Where e; = y; — ¥; and y; is the ith observation and J; is the forecast of y;.

RMSE = fmean(eiz) (2)

MAPE = mean(|P;|) 3)

Where P; = (%) * 100

4

Model specification

R software version 3.1.3 (2015 — 03 — 09) was used in this study where autoregressive
integrated moving average (ARIMA) was employed to model and forecast the data.
However, before the modelling technique was employed, the data were tested for
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seasonality using two methods just to be sure that the data were indeed stationary before
the process of modelling. The two methods for testing seasonality in this study were
graphical analysis method and the Dickey—Fuller test. The graphical analysis method
involved observing whether the data had a constant variance or not. If the data had no
constant variance, it was regarded not stationary and vice versa. Whereas with the
Dickey—Fuller test, the data with a p-value of < 0.05 was regarded to be not stationary
and vice versa. The data were not differenced, as they were not significantly different to
stationarity test, hence ready for modelling. The ARIMA modelling techniques required
the data to be stationary.

The count time series of Catfish yields short term forecasts were made by employing
ARIMA modelling process by Box and Jenkins [20]. The species showed that their
annual yields were correlating with the yield from the previous year as proved by the
autocorrelogram and partial autocorrelogram in Figure 3 and 4 respectively. Literature
has shown that ARIMA has been employed successfully in modelling and forecasting
fish landings, hence this study opted to employ this process. These modelling processes
are also called stochastic modelling.

Forecasting using ARIMA model

Four (4) steps were followed in ARIMA model application in this study as described by
Box and Jenkins [20], namely: identification, selecting a candidate ARIMA model,
diagnostic checking and forecasting. The ARIMA model works where the data are
stationary. The data were found not significant to non — stationarity, hence differencing
was not necessary.

Selecting a candidate: the ARIMA model

The stationary data from Catfish species that were already stationary were then used to
come up with correlogram and partial correlogram in order to identify an appropriate
model for the fish landings. This process is called model identification. It simply
involved finding the most appropriate values of p and q for an ARIMA (p, d, q) model
by examining the correlogram and partial correlogram of the stationary time series.

The autocorrelation function p(k) at lag k was denoted by:

_
plk) = 1 @

Where y(k) is the autocovariance function at lag k of a stationary random function {Y
(t)} given by:

y(k) = cov{Y(2),Y (¢t — k)} )

Where the PACF had a cut-off at p while the ACF tails off, it gave an autoregressive
(AR) of order p. Where also the ACF had a non-zero lag at ¢ it gives a moving-average
(MA) of order g. However, where there was non-zero lag(s) on both ACF and PACEF, it
implied that the application of the autoregressive moving-average of order p and ¢ was
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possible. It also meant that since the data were not differenced, then the value of g is zero

(0).

An autoregressive model (AR) of a time series {X7}is a regression model of that time
series on its previous history [1]. Autoregressive process of order (p) was found by using
the following model;

p
X = Z Qt—j + & (6)

j=1

A moving average (MA) model of a time series was aimed at averaging out previous
error steps of a time series {X7}to attempt to smooth the process or make the time series
stationary. Moving Average process of order (q) was found by using the following
model;

q
Xl' = Z 9] St_j + Et (7)

j=1

The combination of linear autoregressive and moving average properties results in the
autoregressive moving average (ARMA): ARMA of order (p, q) is,

Xt = ?=1 Ql Xt_i + Zjl=1 9] gt_j + St (8)

The general form of ARIMA model of order (p, d, q) is

X = ¢1xt—1 + ¢2xt—2 T ¢pxt—p + W + 91Wt—1 + 92Wt—2 P &
OqWi—q 9)
Where
Xt is the original data series or differenced of degree d of the original data at time #;
Wy is the white noise at time .
¢1, P2, ... , P, are the autoregressive parameters.
)4 is the autoregressive order.
61, 0, .... .0, are the moving average parameters.
q is the moving average order.

Model parameter estimation

When the model had been identified as AR, MA, ARMA or ARIMA the next step was
to estimate the best possible parameters of the identified models as a way of model fitting.
The best possible parameters were found using Akaike Information Criteria [21]. The
best model was obtained on the basis of minimum value of Akaike Information Criteria

(AIC) [22]. The AIC was found by the following model:

AIC=-2logL+2m (10)
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Where:
m isp+gq
L is the likelihood function

The AIC was used to obtain a model that well represented the data on the basis of
minimum value of AIC.

Model validation

Diagnostic tests were carried out to check to what extent the forecast could be trusted.
The diagnostic tests were done by using method of plotting correlogram of the residual
errors and the Ljung-Box test, as these were widely used and efficient in model
validation.

Forecasting

Once the appropriate best candidate ARIMA (p, d, q) model was selected for yield time
series data for the Catfish species then the parameters of the selected model were
estimated. The fitted ARIMA models were then used as a predictive model for making
forecasts for the future (next ten (10) years) of fish landings.

RESULTS AND DISCUSSION

Determining the correct parameter estimates
To determine the correct model parameter estimates, the following steps were taken:

ARIMA models for Catfish

The trend analysis by Mann Kendall of time series data of the catches of Catfish results
in Table 2 showed that the original data did not have a trend (p-value 0.2340). The
Dickey-Fuller test showed that the original data were stationary (p-value 0.0491) as
shown in Table 2. With these results from Mann Kendal and Dickey-Fuller tests on the
original data, it is implied that the original data of Catfish did not require transformation
through differencing, and hence was ready for modelling with ARIMA process as it was
stationary.

Since the Dickey-Fuller test on the original series proved that the series were stationary,
then autocorrelogram and partial autocorrelogram were plotted to determine the values
of p and ¢ in the ARIMA models. The plotted autocorrelation function showed a first-
order moving average (MA) model, while the plotted partial autocorrelation function
showed tenth-order autoregressive (AR) model as shown in Figures 3 and 4, respectively
in the methodology.

The ARIMA model with the lowest AIC values was selected. The value of the AIC of
the selected ARIMA model was 536.56 as also shown in the Table 3. Owing to that, the
most suitable model for artisan Catfish landings from Lake Malawi in Mangochi District
was ARIMA (0, 0, 1) (Table 3), as this model had the lowest AIC value. The chosen
model described the time series for Catfish with the following parameters estimates:

x:=0.8916wr., (11)
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This means that the current total catches of Catfish are influenced by the previous year's
catch.

Validity of the model

ARIMA process

Both ACF for residual errors for the selected ARIMA model of Catfish for the forecasting
of their landings had no significant lags as shown in Figure 5. The plotted forecast errors
of ARIMA models shown in Figure 6 indicate that they had constant variance with a
mean of zero (0). The ACF residual plot (autocorrelogram) shows that the sample
autocorrelation at lag 1 exceeds the significance bounds as shown in Figure 5. However,
this is probably due to chance, as we would expect one out of 20 sample autocorrelations
to exceed the 95% significance bounds [23].
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Figure 5: Autocorrelation functions (ACF) for residual errors of Catfish forecasts
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Figure 6: Plot of residual errors of Catfish forecasts

The Box—Pierce (and Ljung—Box) test results as shown in Figures 7 indicated that Catfish
selected model had higher p-values. The Box—Pierce (and Ljung—Box) test was used to
identify a best fitting model among the four most competing models. The Box—Pierce
test examines the null of independently distributed residuals; it is derived from the idea
that the residuals of a “correctly specified” model are independently distributed [23]. If
the residuals are not independently distributed, then it shows that they come from a miss-
specified model. The results of executed Box—Pierce (and Ljung—Box) test on the three
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most competing models, also depicted ARIMA (0, 0, 1) model as the best fitting model
as shown in Figure 7.

0.4
(=

i 0

Ing
Figure 7: Box—Pierce (and Ljung—Box) test results of residual errors of Catfish

forecasts

The model with significant coefficients parameters is better in terms of forecasting
performance than the one with insignificant coefficients parameters [24]. The ARIMA
(0, 0, 1) still came out outstanding as it has significant parameters as shown in Table 3
and was confirmed for forecasting of future artisan fishers’ landings of Catfish in Lake
Malawi in Mangochi District as shown in Table 4.

However, before forecasting, diagnostic checks on the proposed best fitting model were
made, which involved checking the residuals of the model to see if they contain any
systematic structure, which still could be removed at this stage to improve the selected
ARIMA [19, 25]. This study involved several diagnostic checks such as examination of
the autocorrelations of the residuals of various orders, the Box—Pierce (and Ljung—Box)
test and plotting of residual errors to see if their mean was zero and are normally
distributed, whose results are shown in Figures 5, 7 and 8 respectively. The ARIMA (0,
0, 1) also provided a good forecasting performance as shown by low forecast error
indicators in Table 4.

In addition to this, the p-value for the Ljung-Box test was 0.9003 as shown in Figure 7,
indicating that there is no evidence for non-zero autocorrelations in the forecast errors
for lags 1-20. The Box—Pierce (and Ljung—Box) test also showed that the model fitted
the series well as the p-value was close to one (1) as shown in the Ljung—Box statistic in
Figure 7. To check whether the forecast errors have a constant variance and are normally
distributed with mean zero, time plot of the forecast errors, and a histogram were made.

The histograms of plotted residuals errors for the selected ARIMA model of Catfish were
normally distributed with mean zero (0) as shown in Figure 8. The histogram of residual
errors in Figure 8 clearly showed that they were normally distributed with a generally
constant variance and mean of zero (0). The Figure 8 showed also that the residuals errors
had generally constant variance. These diagnostic tests proved that the selected ARIMA
model was indeed a good model that fitted the yield time series data of Catfish from the
artisan fishers of Lake Malawi in Mangochi District in Malawi, and could be used
effectively to forecast the species landings. A histogram plotted out of Catfish forecast
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residual errors indicated that the residuals were normally distributed. The ACF residuals
errors plots clearly showed that autocorrelation coefficients of the residuals are within
95% confidence interval and were not autocorrelating with each other. This meant that
the original series trend in the landings of Catfish was successfully extracted to make a
forecast.

Density
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I T T 1
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Figure 8: Histogram plot of residual errors of Catfish forecasts

Forecasting

The forecast revealed a likelihood that the species is under threat cannot be ruled out as
the confidence intervals did include a zero (0) as shown in Table 4. A good model should
have a low forecasting error; therefore, when the distance between the forecasted and
actual values were low then the generated model had a good forecasting power [25, 26,
19] as proven by the low values of ME, RMSE, MAPE and MAE in Table 3. The forecast
for artisan landings of Catfish, Catfish from Lake Malawi in Mangochi District showed
a mean of 361 tonnes (rounded-up to nearest figure) and the mean of the actual catches
was 362 tonnes (rounded-up to nearest figure) with 95% confidence intervals. These
results are a clear demonstration that the artisan fishery of Catfish from Lake Malawi in
Mangochi District will be stable as shown in Figure 9.

Table 4 shows forecasted landings of Catfish using Autoregressive Integrated Moving
Average (ARIMA) model from 2013 through 2022 for Mangochi small-scale fishery.
The graph in Figure 9 shows the forecasted trend and the confidence interval of 95% for
same species.
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Figure 9: Ten-year forecasts for annual catches in metric tonnes of Catfish using
Autoregressive Integrated Moving Average (ARIMA) models

This forecast should alert the policy makers to continue ensuring sustainable exploitation
of the Catfish among artisan fishers in Lake Malawi in Mangochi District as the ecology
of this fish species is directly linked to other species in the lake. Currently, Mangochi
district does not have a fisheries management plan that targets Catfish. There is a need
to develop the management plan to ensure that this fishery is sustainably exploited. This
fisheries management plan can be coupled with area specific fisheries management in
form of bylaws (which empowers local communities) that are crafted towards ensuring
that the Catfish species are conserved. The forecasted trend shows that the theory of
‘tragedy of commons’ might be slowly setting in for the species stock as the forecast
reveals the catches of Catfish will remain the same amidst increased fishers’ population.
As such, management of the Catfish in this fishery is very crucial to avoid the forecasted
trend worsening and negatively affecting the other species in the lake.

CONCLUSION

The study showed that the artisan fishery landings of Catfish from Lake Malawi in
Mangochi District would remain stable amidst increased fisher population. The
government through Department of Fisheries and stakeholders should continue
controlling exploitation levels of the fishery by controlling fishing efforts so as to
maintain this trend of Catfish landings. As the artisan fisheries in Malawi is multi-species
and multi-gear controlling Catfish exploitation levels should be controlling all fishing
effort that lands the species such as gillnets, beach seines, open water seines among
others. Since confidence intervals of the forecasted landings of the fishery included a
zero, this implied that the possibility that the fishery is being over exploited cannot be
ruled out. As such, policy makers should ensure that the fishery is sustainably exploited
while maintaining the stable trend hence saving it from succumbing to the theory of
tragedy of commons. This can be achieved as well by controlling entry of fishing gears
landing most Catfish. However, further research should model as well fishing effort to
compare the behaviour of the catch and effort in the same period of time to provide a
more comprehensive picture of forecast fishery.
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Table 1: Descriptive statistics of the time series data

Catfish
Minimum 32.29
Ist Quarter 124.50
Mean 362.30
3rd Quarter. 378.20
Maximum 2015.00

Standard deviation 998.33

Table 2: Mann Kendall test for trend and Dickey-Fuller test for stationarity on

time series of annual catches of Catfish

Mann Kendall test

Dickey-Fuller test

Dickey-Fuller  p-value
statistic

Time series Tau (1) p-value
statistic
-0.1380 0.2340

-3.5676 0.0491
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Table 3: Competing ARIMA models for the time series of annual catches of Catfish from 1976 to 2012

ARIMA(10,0,1) ARIMA(6,0,1) ARIMA(1,0,1) ARIMA(0,0,1)
Parameter Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error
AR10 0.7752 0.2626
AR9 -0.6234 0.2716
ARS8 0.5097 0.2819
AR7 -0.6292 0.2701
AR6 1.0431 0.2581 1.4879 0.1218
ARS -0.5927 0.2779 -1.0134 0.2279
AR4 0.2605 0.2999 0.8282 0.2561
AR3 0.2979 0.2715 -0.7558 0.2491
AR2 0.3271 0.2281 0.8556 0.2192
ARI 0.6139 0.1604 -0.6061 0.1250 -0.0944 0.1788
MAI1 0.0962 0.3358 -1.0000 1.1040 0.9085 0.0831 0.8916 0.0797
Intercept 316.5569 45.5670 312.5438 22.3744 361.3612 87.0580 360.4622 94.5480
o2 48819 61628 94036 947.27
Log likelihood -256.29 -259.84 -265.14 -265.28
AIC 538.59 537.69 538.28 536.56
ME 0.3762256 -12.46281 -0.4619485 -0.319132
RMSE 220.5072 248.2405 134.7127 180.6979
MAPE 104.5796 134.7127 127.6727 123.1608
MAE 146.0011 180.6979 202.5072 204.07
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Table 4: Ten-year forecasts for annual catches in metric tonnes of Catfish using
Autoregressive Integrated Moving Average (ARIMA) models

Catfish

Year 1\1/{;;1)1 95 % CI

2013 273.846  (-329.396, 877.088)
2014 360.462  (-447.712, 1168.637)
2015  360.462  (-447.712, 1168.637)
2016  360.462  (-447.712, 1168.637)
2017  360.462  (-447.712, 1168.637)
2018  360.462  (-447.712, 1168.637)
2019  360.462  (-447.712, 1168.637)
2020 360.462  (-447.712, 1168.637)
2021  360.462  (-447.712, 1168.637)
2022 360.462  (-447.712, 1168.637)

Confidence Interval (CI)
Metric Tonnes (MT)

meJ: https://doi.org/10.18697/ajfand.95.18505 16880




URLISHED BY AFRICAN ISSN 1684 5374

BENNSRm—.  \/olume 20 No. 7 $oKat
AFRICAN JOURNAL OF FOOD, AGRICULTURE, gt
NUTRITION AND DEVELOPMENT Dece mber 2020 TRU ST
REFERENCES
1.  Food and Agriculture Organisation (FAO). Fishery and Aquaculture Country

10.

profiles. The Republic of Malawi. Fishery and Aquaculture Country Profiles. In:
FAO Fisheries and Aquaculture Department [online]. Rome. 2016. Available on:
ftp:/ftp.fao.org/F/DOCUMENT/fcp/en/FI_CP_MW.pdf Accessed April 30,
2016.

Government of Malawi (GoM). Annual Frame Survey 2012. Fisheries
Department, Lilongwe, Malawi. 2012.

Maguza-Tembo F Bio-economics of common resource over exploitation: case of
Lake Malombe Chambo (Oreochromis sp. cichlidae) fishery in Malawi. MSc.
thesis. University of Tromse, Norway.2002: 51.

Conrad J and C Clark Natural Resource Economics. Cambridge University
Press, Cambridge, UK. 1987.

Bulirani A, Banda MC, Pilsson OK, Weyl OLF, Kanyerere GZ, Manase
MM and RD Sipawe Fish Stocks and Fisheries of Malawian waters: Resource

Report. Government of Malawi, Fisheries Department, Fisheries Resource Unit.
54. 1999.

Nyambose J Report on Preserving the Future of Lake Malawi. Malawi. Journal
of Plankton Research. 1997; 18 (8): 1349-1368.

Craine M Modelling Western Australian Fisheries with techniques of time series
analysis: Examining data from a different perspective. Department of Fisheries
Research Division, Western Australian Marine Research Laboratories, Western
Australia 6920.FRDC Project No. 1999/155.2005:168. Available at:
http://www.fish.wa.gov.au/Documents/research_reports/frr245.pdf Accessed
August 7, 2013.

Makridakis S, Wheelwright SC and VE Mcgee Forecasting methods for
management. John Wiley & Sons, New York — Chichester — Brisbane — Toronto
— Singapore.1983.

Caddy JF Deciding on precautionary management measures for a stock based on
a suite of limit reference points (LRPs) as a basis for a multi-LRP harvest law.
Northwest Atlantic Fisheries Organisation Science Study 1999; 32:55-68.
Available at: https://archive.nafo.int/open/studies/s32/caddy.pdf Accessed
February 20, 2017.

Stergiou KI and ED Christou Modelling and forecasting annual fisheries
catches: comparison of regression, univariate and multivariate time series
methods. Fisheries Research.1996; 25: 105-138. DOI:10.1016/0165-
7836(95)00389-4

kmmJ: https://doi.org/10.18697/ajfand.95.18505 16881




MSHEDR A EDIEAN] ISSN 1684 5374
Volume 20 No. 7 $CieNice

SCHOLARLY, PEER REVIEWED

AFRICAN JOURNAL OF FOOD, AGRICULTURE,

11.

12.

13.

14.

15.

NUTRITION AND DEVELOPMENT December 2020 Tﬁ'[jgf

Box GEP, Jenkins GM and GC Reinsel Time series: forecasting and control,
4th ed., Hoboken, New Jersey: John Wiley and Sons. 2008: 784.

Stergiou KI, Christou ED and G Petrakis Modelling and forecasting monthly
fisheries catches: comparison of regression, univariate and multivariate time
series methods. Fisheries Research.1997; 29(1): 55-95. DOI:10.1016/S0165-
7836(96)00482-1

Lloret J, Lleonart J and I Sol’e Time series modelling of landings in Northwest
Mediterranean Sea. ICES Journal of Marine Science. 2000;57(1): 171-184.
Available at: https://academic.oup.com/icesjms/article-pdf/57/1/171/1798045/57-
1-171.pdf Accessed May 20, 2017.

Pierce GJ and PR Boyle Empirical modelling of interannual trends in
abundance of squid (Loligoforbesi) in Scottish waters Fisheries Research. 2003;
59 (3): 305-326. Available on:
https://abdn.pure.elsevier.com/en/publications/empirical-modelling-of-
interannual-trends-in-abundance-of-squid-i Accessed November 30, 2016.

Koutroumanidis T, Iliadis L. and GK Sylaios Time-series modeling of fishery
landings using ARIMA models and fuzzy expected intervals software.
Environmental Modelling and Software. 2006; 21(12): 1711-1721.
https://doi.org/10.1016/j.envsoft.2005.09.001

16.Hecht T An alternative life history approach to the nutrition and feeding of

17.

18.

19.

Siluroidei larvae and early juveniles. In: Legendre M and JP Proteau (Eds). The
biology and culture of Catfishes. Aquatic Living Resources.1996; 9: 121-133.
https://doi.org/10.1051/alr:1996047

Kazembe J, Magombo Z, Khawa D and E Kaunda Opsaridium microlepis.
The IUCN Red List of Threatened Species.e. T60844A12417825. 2014 (3). 2006.
Available at: http://www.iucnredlist.org/details/60844/0 Accessed December 17,
2017.

Clay D Population biology, growth and feeding of the African Catfish, Clarias
gariepinus, with special reference to juveniles and their importance in fish
culture. ArchivfiirHydrobiologie.1979; 87(4): 453-482. Available on:
https://www.researchgate.net/profile/Elias_Dadebo/publication/230744561 Repr
oductive biology and feeding habits of the Catfish Clarias_gariepinus_Burch
ellPisces_Clariidae in_Lake Awassa Ethiopia/links/00b49521f5558090fc00000
0/Reproductive-biology-and-feeding-habits-of-the-Catfish-Clarias-gariepinus-
BurchellPisces-Clariidae-in-Lake-Awassa-Ethiopia.pdf Accessed June 2, 2015.

Lazaro M and WWL Jere The Status of the Commercial Chambo
(OreochromisSpecies) fishery in Malawi: A Time Series Approach. International
Journal of Science and Technology. 2013; 3(6): 322-327.

meJ: https://doi.org/10.18697/ajfand.95.18505 16882




20.

21.

22.

23.

24.

25.

26.

UMISHEO®Y A EDIEAN] ISSN 1684 5374

SCHOLARLY, PEER REVIEWED .
Volume 20 No. 7 ScieNcE

AFRICAN JOURNAL OF FDOD, AGRICULTURE,

NUTRITION AND DEVELOPMENT December 2020 T"R"U‘S’“-i:

Box GEP and GM Jenkins Time Series Analysis - Forecasting and Control.
Holden-Day Inc., San Francisco. 1970.

Akaike H Information Theory and an Extension of the Maximum Likelihood
Principle. In: Petrov BN and F Csaki (Eds) International Symposium on
Information Theory, Hungary: AkadémiaiKiad6. 1973: 267-281.

Pal S, Ramasubramanian V and SC Mehta Statistical Models for Forecasting
Milk Production in India. Indian Agricultural Statistics Research Institute, New
Delhi.,J. Ind. Soc. Agril. Statist.2007; 61(2): 80-83.

Coghlan A Little Book of R for Time Series. Release 0.2. Cambridge, U.K.
2015:81. Available on: https://media.readthedocs.org/pdf/a-little-book-of-r-for-
timeseries/latest/a-little-book-of-r-for-time-series.pdf Accessed August 20 2015.

Gutierrez-Estradade JC, Pedro-Sanz E, Opez-Luque R and I Pulido-Calvo
Comparison between traditional methods and artificial neural networks for
ammonia concentration forecasting in an eel (4Anguilla L.) Intensive rearing
system. Aquacultural Engineering.2015; 31: 183-203.
https://doi.org/10.1016/j.aquaeng.2004.03.001

Singini W, Kaunda K, Kasulo V and W Jere Modelling and Forecasting Small
Haplochromine Species (Kambuzi) Production in Malawi — A Stochastic Model
Approach. International Journal of Scientific & Technology Research. 2012:
1(9): 5.

Czerwinski IA, Guti ‘errez-Estrada JC and JA Hernando-Casal Short-term
forecasting of halibut CPUE: Linear and non-linear univariate approaches.
Fisheries Research.2007; 86: 120-128.
http://dx.doi.org/10.1016%2F].fishres.2007.05.006

meJ: https://doi.org/10.18697/ajfand.95.18505 16883




