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a b s t r a c t

Algal blooms (ABs), which commonly occur in urbanised coastal marine environments

worldwide, often result in hypoxia and even fish kills. Understanding the mechanism and

providing accurate prediction of ABs’ formation and occurrence is of foremost importance

in relation to the protection of sensitive marine resources. In this paper, a multivariate time

series model, namely the vector autoregressive model with exogenous variables (VARX) and

the long memory filter is proposed to model and predict ABs. To evaluate the effectiveness

of this VARX model, both daily and 2-h field monitoring data of chlorophyll fluorescence

(CHL), dissolved oxygen (DO), total inorganic nitrogen (TIN), water temperature (TEMP), so-

lar radiation (SR) and wind speed (WS) obtained at Kat O, Hong Kong, between February

2000 and March 2003 were employed. Unlike the other data driven approaches, this VARX

model not only provides more interpretable effects of specific lags of environmental factors,

but also sheds light on the feedback effects of AB on these variables. In general, daily CHL

measurements up to 4 days can provide crucial information for predicting algal dynamics,

while the VARX model is able to explicitly reveal ecological relationships between CHL and

other environmental factors. In addition, the application of long-memory filter can further

extract patterns of seasonal variations which is thought to be correspondent to the varia-
tion of algal species in Hong Kong water. With a view to providing an early warning signal

of AB to fishermen and regulatory authorities, an alarming system was developed based

on the VARX model; it could achieve 83% correct prediction of AB occurrences with a lead

time of 2.5 days. Concerning the forecast performance of the VARX model, daily forecasting

performance is comparatively better than that of artificial neural network models.

tide’ (Anderson, 1994). Algal blooms not only can result in
1. Introduction

Algal blooms (ABs), which are caused by rapid growth and

accumulation of microscopic phytoplankton, have been
increasingly observed in coastal waters throughout the world
(Anderson, 1997; Wong, 2003; Kirkpatrick et al., 2004; Qi et
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al., 2004). As many of these algal species contain red or
brown pigments, such ABs are commonly termed as ‘red-
severe depletion of dissolved oxygen (DO), but also can kill
fish and other marine organisms (e.g. corals) through DO
depletion (i.e. anoxia) and poisonous toxins generated from
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memory filter the VARX model can further summarize the al-
gal dynamics during seasonal transitional periods, indicating
a clearer pattern of seasonal variations which is correspon-
dent to the observed variation of algal species in Hong Kong
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waters. Furthermore, when used together with process-based
dynamical system model, the time series model should pro-
vide information that could be assimilated into the theoretical
model.

As a well-known phenomenon in the forecasting litera-
ture, a multivariate time series model may not necessarily
outperform a univariate time series model in out-of-sample
forecasting performances, for example, Riise and Tjøstheim
(1984) and Granger and Newbold (1986). A multivariate model
usually involves more variables and hence more parameters
need to be estimated. More parameter estimates imply more
random variations and there could also be problems of mea-
surement errors inherent in some of the ecological data. All
these may affect the out-of-sample forecasting performance
of a multivariate time series model. However, as in the econo-
metric literature such a model may be viewed as a vehicle for
explaining the relationships or testing certain theories about
the variables considered. As pointed out by Granger and New-
bold (1986) these models are useful in assessing the potential
consequence of various policy alternatives or in simulating
the behaviour of the dependent variable assuming different
realized values of the explanatory variables. In ecology, pol-
icy alternatives also play an important part in the future state
of an ecological system and a multivariate time series model
should be useful in studying their implications. In this paper,
the emphasis is on the successful application of multivari-
ate time series models on observations of various frequen-
cies (daily and 2-hourly), with a view to understanding better
the underlying the dynamics of ABs and the other ecological
variables.

2. The VARX model

The vector autoregressive model with exogenous variables
(VARX) allows the variables in the dataset to be mod-
elled jointly over present and past time periods. Let yt =
(y1t, y2t, . . . , ykt)′ be a vector of time series variables such as
CHL, DO and TIN and xt = (x1t, x2t, . . . , xrt)′ be a vector of ex-
ogenous variables such as water temperature (TEMP), solar ra-
diation (SR), wind speed (WS) in the present study. Here, we
use ′ to denote the transpose of a vector or matrix. Hence, yt

and xt are k × 1 and r × 1 column vectors respectively. Let ˚i

and �∗
i

be k × k and k × r matrix coefficients. The VARX(p, s)
model (Shumway and Stoffer, 2000) is defined as

yt =
p∑

i=1

˚iyt−i +
s∑

i=0

�∗
i xt−i + �t,

where the unobserved noise variable, �t = (�1t, �2t, . . . , �kt)′, rep-
resents a vector noise process that has zero mean and inde-
pendent over time t. The variables yt are referred to as the
dependent, response, or endogenous variables, and the vari-
ables xt are referred to as the independent, input, predictor

regressor, or exogenous variables.
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toxic algal species (Anderson, 1994; Lu and Hodgkiss, 2004).
In 1998, for example, a devastating red-tide event led to the
massive fish kills in both open-sea-cage farms and open
waters in Hong Kong, and resulted in an estimated loss of US$
40 million (equivalent to 3400 tonnes of live fish) (Yang and
Hodgkiss, 2004). With a view to minimizing the impacts of
ABs on coastal marine resources, an early warning system for
accurate and robust prediction of AB’s occurrence is highly
desirable, especially for fish farmers to have enough time to
implement any preventive counter measures (e.g. artificial
aeration, relocation of the fish rafts).

The forecast of AB remains a very difficult task, as the
bloom can occur and subside over rather short time scales
(days to few weeks) under the right environmental condition
such as favourable temperature, solar radiation, nutrient con-
centration and turbulence (linked to wind speed and tidal
movement) (Lee et al., 2003; Basterretzea et al., 2005). Over the
last two decades, a number of predictive models have been
developed to forecast the dynamics of ABs in the natural en-
vironment (e.g. Ouchi, 1982; Schofield et al., 1999; Perez et al.,
2000; Walsh et al., 2001; Baird et al., 2004). Many of these mod-
els are, nonetheless primarily based on some well-established
biological theories and physical processes in relation to algal
growth (Donaghay and Osborn, 1997), resulting in a dynam-
ical system which is often deterministic in nature. However,
the natural environment is usually subject to a lot of noise and
the conditions required by a deterministic model are often vi-
olated. For example, the open boundary conditions, pollution
loading, and ecological rate parameters required to drive the
deterministic models are rarely known with a high degree of
certainty. A statistical model is therefore worthy of considera-
tion because the data will be allowed to speak for themselves
without any constraints imposed by related theories.

Previous works in this direction include Lee et al. (2003,
2004) and Muttil et al. (2004). In the first and second papers,
artificial neural networks are used to model a dataset collected
in Hong Kong consisting of the algal biomass data as measured
by chlorophyll-a concentration, i.e. chlorophyll fluorescence
(CHL), dissolved oxygen (DO), water temperature (TEMP), solar
radiation (SR), wind speed (WS), total inorganic nitrogen (TIN),
phosphorus, secchi-disc depth, rainfall and tidal range (Lee et
al., 2003, 2004). In the third paper, real-time prediction of the
same dataset is considered using genetic programming (Muttil
et al., 2004) (see also Muttil and Lee, 2005). While genetic pro-
gramming and artificial neural network can often come up
with reasonable forecasts, the interpretation of the resulting
model is often difficult because of the black-box type approach
of the methods. In this paper, we considered the modelling of
CHL data using a multivariate time series (VARX) approach.
The advantage of such an approach is that the relevant es-
timates of the model parameters are often interpretable and
may give insights on the actual algal dynamics process. Unlike
the other data driven approaches, the VARX approach not only
provides more interpretable effects of specific lags of environ-
mental factors, but also sheds light on the feedback effects of
AB on these variables. Coupled with the application of long-
The VARX(p, s) model can be written alternatively,

˚(B)yt = �∗(B)xt + �t,
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where

˚(B) = Ik − �1B − · · · − ˚pBp,

�∗(B) = �∗
0 + �∗

1B + · · · + �∗
sBs,

and B is the backshift operator, Biyt = yt−i. Let E(·) be the ex-
pectation operator.

The following assumptions are made:

• E(�t) = 0, E(�t�′
t) = �, which is a positive-definite, k × k ma-

trix, and E(�t�′
s) = 0 for t �= s. It is also assumed that �t is

multivariate normally distributed.
• For stationarity of the VARX process, the roots of |˚(z)| = 0

are outside the unit circle, where | · | is the determinant
function.

• The explanatory or exogenous (independent) variables xt

are not correlated with residuals �t, E(xt�′
t) = 0. In many sit-

uations, future values of the exogenous variables can be as-
sumed to be known or predicted fairly accurately because
they are deterministic variables.

Various model selection criteria can be used to choose the
appropriate model. The following list includes the Akaike In-
formation Criterion (AIC), and the Schwarz Bayesian Criterion
(SBC), also referred to as BIC.

AIC = log(|�̃|) + 2L/T,

SBC = log(|�̃|) + L log(T)/T

where L denotes the number of parameters estimated, T the
sample size and �̃ is the maximum estimate of �. Often the
model with the smallest AIC or SBC value is chosen as the final
model. Model diagnostic checks (Li, 2004) can also be applied
to further refine the model.

3. The data and modelling results

The data used in this study were collected from February 2000
to March 2003 from the algal bloom (AB) dynamics field mon-
itoring station of the University of Hong Kong at Kat O, Hong
Kong. This was the same dataset used in Lee et al. (2004) and
Muttil et al. (2004). Both daily and 2-h data were considered.
Readers are referred to these two papers for more details about
the data. Based on the autocorrelation plot of the CHL data the
maximum order of the VARX model was set to 21. For valid sta-
tistical inference, the data had to be stationary. Consequently,
all variables had been first order differenced, i.e. instead of the
original variable yit or xit the variables ỹit = yit − yit−1 and x̃it =
xit − xit−1, were used in the model. Here yt = (CHLt, DOt, TINt)′

and xt = (TEMPt, SRt, WSt)′. To take care of the diurnal effect,
in the case of 2-h data, x̃it = xit − xit−12 for i = 1, 2. In order to
obtain a more parsimonious and interpretable model the se-

ries ỹ1t was further differenced using the idea of fractional dif-
ferencing (Hosking, 1981; Li, 2004) which was a common way
to handle long range dependence in time series. Essentially,
long range dependence with time series ỹ1t was removed by
2 0 0 (2007) 130–138

passing it through the filter,

˜̃y1t =
M∑

j=0

˘jỹ1t−j = ỹ1t − dỹ1t−1 − 1
2

d(1 − d)ỹ1t−2

− 1
6

d(1 − d)(2 − d)ỹ1t−3 − · · ·

− 1
M!

d(1 − d) . . . (M − d − 1)ỹ1t−M,

where − 1
2 < d < 1

2 .
The value of d could be chosen by minimizing the total dis-

tance between ỹ1t and ˜̃y1t, that is, minimizing
∑T

t=M+1(ỹ1t −
˜̃y1t)

2 over d. In the present study, M was chosen to be 40 and
the value of d was found to be between −0.15 and −0.30 in
all cases. Since ordinary differencing (d = 1) had already been
applied once to the raw CHL data this implied that the overall
amount of differencing was around 0.70–0.85.

Two training periods were used resulting in two slightly
different VARX models. The first training period was to use all
data available in 2000 for the fitting of the model while keep-
ing the data in 2001 and 2002 for checking the accuracy of the
out-of-sample forecast. This was also one way to gauge the
correctness of the fitted model. The second period was to use
all data in the years 2000 and 2001 for model fitting and the
data in 2002 for checking the out-of-sample forecast perfor-
mances. Only coefficients that were statistically significant at
the 5% level were retained in the model.

3.1. Analysis of daily data

The whole VARX fitting process was then applied to daily data
and the final result for year 2000–2001 data is shown in Table
1. We can see that the high order of lags of CHL did not ap-
pear in the equations of CHLt and DOt. Note that wind speed
had a very poor predictive power and was thus removed from
the final model. However, the nutrient (TIN) had a significant
positive coefficient at lag 1 in the equation of chlorophyll and
the DO had a significant negative coefficient at lag 8. The CHL
series was also highly autocorrelated with significant effect
up to 4 days. The results in Table 1 were consistent with that
of Lee et al. (2004) where a significant lag of 7 days for DO to
affect CHL was also observed. The equations of DO and TIN
also appeared to reflect the algal dynamics reasonably. For ex-
ample, DO was negatively related to CHL, suggesting algal res-
piration and decomposition of settled algae on the sea bed.
Conversely, CHL was also negatively related to TIN at a lag of 2
days, suggesting nutrient uptake for algal growth. Both water
temperature and solar radiation had not been entered into the
CHL equation because their effects were too insignificant.

3.2. Analysis of 2-h data

The above results are compared with those obtained at the
higher sampling frequency of 2-h time intervals. As in the case
of daily data, the use of the long memory filter resulted in a

simplification of the VARX models and Table 2 shows the final
result using the year 2000–2001 data. The dynamics of the AB
as suggested by the VARX models appear to be more detailed
and complicated. In particular, the effects of TIN were initially
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Table 1 – Estimation of daily data (2000–2001) by VARX
model, fractional differencing d = 0.72

Dependent
variable

Coefficient
estimate

Standard
error

t-Value p-Value

CHLt

CHLt−1 0.1145 0.0381 3.01 0.0027
CHLt−4 −0.0765 0.0389 −1.97 0.0498
DOt−8 −36.6896 10.7995 −3.40 0.0007
TINt−1 1.7478 0.3337 5.24 0.0001

DOt

CHLt−4 −0.0004 0.0001 −3.07 0.0022
CHLt−8 −0.0003 0.0001 −2.05 0.0406
DOt−4 −0.0819 0.0386 −2.12 0.0342
DOt−17 0.1036 0.0371 2.79 0.0054
TEMPt 0.3803 0.0717 5.31 0.0001
TEMPt−1 −0.3802 0.0717 −5.31 0.0001
TINt−2 −0.0026 0.0011 −2.30 0.0215

TINt

CHLt−2 −0.0084 0.0041 −2.07 0.0391
DOt−20 4.1815 1.1707 3.57 0.0004
TINt−4 −0.0609 0.0358 −1.70 0.0892
TINt−5 −0.1022 0.0357 −2.86 0.0044
TINt−6 −0.0994 0.0357 −2.78 0.0056
TINt−21 0.3588 0.0357 10.06 0.0001

n
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movement could also be associated with mixing events as well
as the advection of relatively clean water from the outer bay.
In general, neap tide (i.e., small tidal range) will be associated
with weaker vertical mixing and flushing rates, and AB can
deplete DO quicker in this situation. On the other hand, DO

Table 2 – Estimation of 2-h data (2000–2001) by VARX
model, fractional differencing, d = 0.75

Dependent
variable

Coefficient
estimate

Standard
error

t-Value p-Value

CHLt

CHLt−2 −0.0669 0.0106 −6.28 0.0001
CHLt−6 −0.0352 0.0107 −3.28 0.0010
CHLt−8 −0.0315 0.0107 −2.94 0.0032
CHLt−9 0.0454 0.0107 4.25 0.0001
CHLt−10 0.0434 0.0106 4.08 0.0001
CHLt−11 0.0352 0.0107 3.29 0.0010
CHLt−12 0.1443 0.0108 13.42 0.0001
CHLt−13 0.0775 0.0107 7.27 0.0001
DOt−1 7.4419 3.5146 2.12 0.0343
DOt−4 5.3384 3.4578 1.54 0.1227
DOt−8 −10.0990 3.4752 −2.91 0.0037
DOt−11 −8.1301 3.4632 −2.35 0.0189
SRt−2 14.3005 1.5527 9.21 0.0001
TEMPt −33.6291 6.9267 −4.86 0.0001
TEMPt−1 33.2057 6.9208 4.80 0.0001
TINt−5 −16.3310 2.1947 −7.44 0.0001
TINt−6 −9.1786 2.2097 −4.15 0.0001
TINt−7 16.1178 2.2169 7.27 0.0001
TINt−10 −17.0393 2.1956 −7.76 0.0001
TINt−11 12.4193 2.2031 5.64 0.0001

DOt

CHLt−1 0.0001 0.0000 4.41 0.0001
CHLt−5 −0.0001 0.0000 −2.16 0.0307
CHLt−6 0.0001 0.0000 2.36 0.0181
CHLt−9 −0.0001 0.0000 −2.40 0.0163
CHLt−12 0.0001 0.0000 2.41 0.0161
DOt−1 −0.2360 0.0110 −21.38 0.0001
DOt−2 −0.1124 0.0106 −10.65 0.0001
DOt−3 −0.0806 0.0103 −7.84 0.0001
DOt−4 −0.0905 0.0103 −8.76 0.0001
DOt−5 −0.0666 0.0104 −6.42 0.0001
DOt−6 −0.1009 0.0104 −9.67 0.0001
DOt−7 −0.0847 0.0105 −8.07 0.0001
DOt−8 −0.0716 0.0105 −6.85 0.0001
DOt−11 0.0559 0.0105 5.33 0.0001
DOt−12 0.0907 0.0106 8.56 0.0001
DOt−13 0.0932 0.0105 8.91 0.0001
SRt 0.0335 0.0067 5.02 0.0001
SRt−1 0.0207 0.0068 3.04 0.0024
TEMPt 0.4790 0.0209 22.91 0.0001
TEMPt−1 −0.3458 0.0303 −11.43 0.0001
TEMPt−2 −0.1348 0.0214 −6.29 0.0001
TINt−6 0.0140 0.0065 2.16 0.0309
TINt−7 0.0221 0.0065 3.42 0.0006

TINt

CHLt−2 0.0002 0.0001 3.03 0.0024
CHLt−8 −0.0002 0.0001 −3.63 0.0003
DOt−2 0.0364 0.0172 2.12 0.0343
Note: CHLt is fractionally differenced and the other variables are first
differenced.

egative but became positive at lags 7 and 11, i.e. after 14 and
2 h respectively. Similarly, the effects of DO were positive ini-
ially (i.e. at smaller lags) but became negative at lags 8 and
1 in Table 2. This may be partly due to the diurnal migration
ovements of dinoflagellates from sea bed (where nutrients

re available) to the surface (to fetch energy), and partly due
o the interaction between diatoms and dinoflagellates which
re often found to coexist in an AB (Flynn et al., 2002). More-
ver, increased algal growth would increase DO production
uring photosynthesis during the day (with solar radiation)
ut would increase oxygen demand for their respiration dur-

ng night-time. However, massive algal bloom would dramat-
cally reduce the DO level eventually. We therefore study the
ay and night effects which are reported in Section 3.4 using
he VARX model. The precise biological interaction is clearly a

atter for future research.
From Table 1, we can also observe that TEMP did not seem

o have a direct effect on CHL given the past values of CHL,
O and TIN. This occurs not just in daily data but also in 2-
data as well. Although TEMP appeared in the equation of

HLt for 2-h data, the total effect, i.e. the sum of coefficients
f TEMP, was approximately zero. For the equation of DOt, the
ame phenomenon is also observed. In other words, the water
emperature did not play an important role in the VARX mod-
ls. This was explained by Lee et al. (2003) where the change
n water temperature in coastal waters over the time scale of
hort term forecasting (say a week) was typically small; hence
t may not be an important input variable in an artificial neu-
al network model or any other data driven forecast model. In

ontrast, SR had a more direct and positive effect on CHL for
he 2-h results. When we investigated the equation of DOt, the
ffect of SR was also transmitted by DO positively on CHL as
ell. Nevertheless, it is important to sound a note that tidal

TINt−12 0.0248 0.0111 2.23 0.0261

Note: CHLt is fractionally differenced. DOt and TINt are first-
differenced. TEMPt and SRt are seasonally differenced by 12 peri-
ods.
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Table 3 – Estimation of 2-h data (2000-2001) by VARX
model, fractional differencing

Dependent
variable

Coefficient
estimate

Standard
error

t-Value p-Value

Summer–Winter period (d = 0.85)
CHLt

CHLt−1 −0.0677 0.0217 −3.11 0.0019
CHLt−11 0.0516 0.0204 2.53 0.0116
CHLt−12 0.1430 0.0210 6.79 0.0001
CHLt−13 0.0668 0.0206 3.24 0.0012
DOt−1 39.0510 7.6537 5.10 0.0001
DOt−2 20.7824 7.5377 2.76 0.0059
DOt−3 18.3130 7.2938 2.51 0.0121
SRt−1 11.7800 2.7263 4.32 0.0001
TEMPt −0.2737 0.1091 −2.51 0.0122
TINt−7 50.7866 25.8435 1.97 0.0495
TINt−8 110.7788 25.8897 4.28 0.0001

Winter–Summer period (d = 0.74)
CHLt

CHLt−6 −0.0697 0.0162 −4.29 0.0001
CHLt−9 0.0783 0.0160 4.89 0.0001
CHLt−10 0.0741 0.0159 4.65 0.0001
CHLt−12 0.1478 0.0162 9.14 0.0001
CHLt−13 0.0391 0.0160 2.44 0.0148
DOt−4 20.2326 5.6687 3.57 0.0004
DOt−5 11.1726 5.6903 1.96 0.0497
DOt−6 14.8423 5.7486 2.58 0.0099
DOt−12 18.0843 5.7878 3.12 0.0018
DOt−13 −16.9150 5.7912 −2.92 0.0035
SRt−2 16.6640 2.3690 7.03 0.0001
TEMPt −0.5124 0.1051 −4.88 0.0001
TINt−5 −18.3375 2.3750 −7.72 0.0001
TINt−6 −8.8641 2.3821 −3.72 0.0002
TINt−7 18.9093 2.3829 7.94 0.0001
TINt−10 −16.8506 2.3745 −7.10 0.0001
TINt−11 13.3919 2.3961 5.59 0.0001
134 e c o l o g i c a l m o d e l

level can remain high during spring tide (i.e., large tidal range)
due to the above hydrographic factors (Lee et al., 2003).

3.3. Analysis of transitional periods data

Modelling the periods of the year that had the largest
amount of harmful ABs, in particular dinoflagellate blooms
is considered. These periods were identified to be (i) the
Summer–Winter transitional period from 15 October each
year to 15 January next year and (ii) the Winter–Summer tran-
sitional period from 15 March each year to 15 June the same
year (Wong, 1989; Yang, 2000; Yang and Hodgkiss, 2004). Such
high incidences of ABs in these two seasonal transitional peri-
ods are likely attributable to the unstable features of weather
pattern in Hong Kong (Yang and Hodgkiss, 2004). We focused
on the 2-h data. The results for the Summer–Winter and
Winter–Summer transitional periods for the year 2000–2001
data are summarized in Table 3. For simplicity, we just listed
the equation for chlorophyll which was our main focus. There
are some immediate observations. First, the Winter–Summer
models for chlorophyll were more complicated than those for
the Summer–Winter transitional period involving more lags
of the variables. Secondly, the effects of DO and nutrient were
different for the two periods. In the Summer–Winter period,
the nutrient TINt effects were all positive while in the Winter–
Summer period the effects of TINt were first negative and then
turned positive at lag 11. The effects of DO on the chlorophyll
were also different. For the Summer–Winter period all the
coefficients of DOt were positive. For the Winter–Summer
period with data from the period 2000–2001, the effects of DOt

were positive initially but turned negative after lag 12, i.e. 1
day before. Third, the lagged effect of solar radiation (SR) was
positive for both transitional periods. The main difference was
just the effect of lag one period for Summer–Winter period and
that of lag two period for Winter–Summer period. All these
differences may shed some lights on the predominance of dif-
ferent kinds of algal species in these two periods, for example,
the observed predominance of dinoflagellate blooms in the
Winter–Summer transitional periods (Lu and Hodgkiss, 2004;
Yang and Hodgkiss, 2004). Further investigation on the possi-
ble causes of the differences appears worthwhile in the future.

3.4. Analysis of day time and night time data

In order to study the possible differences between the day and
the night, the 2-h data were remodelled using day time and
night time data separately. The day time data were defined to
be those from 6 a.m. each day to 6 p.m. of the same day, inclu-
sive and the night time data were those from 6 p.m. each day
to 6 a.m. of the next day, exclusive. The data were seasonally
differenced using the filter (1 − B6) and (1 − B5) respectively.
Again, two different time periods of the years 2000 and 2000–
2001 were considered. The whole VARX modelling process was
repeated. The main results for day time data CHLt are shown
in the upper panel of Table 4. It can be seen that the pattern
of the estimated coefficients for the chlorophyll equation was

very similar to those reported in Section 3.2 for 2-h data, in
particular, (i) that the signs of DO were positive for the nearer
(lower) lags and became negative at the further (higher) lags,
and (ii) the signs for the coefficients for the TIN variable were
Note: CHLt is fractionally differenced. DOt and TINt are first-
differenced. TEMPt and SRt are seasonally differenced by 12 peri-
ods.

negative for nearer (lower) lags and became positive at further
lags (higher lags). Intuitively, SR had a positive total effect on
CHL in the case of day time data as shown in Table 4.

Interestingly, when the night time data were considered, it
was a different story (lower panel of Table 4). The coefficients
of DO in the chlorophyll equation were negative at the nearer
(lower) lags but they became positive later. For the nutrient
data TIN the coefficients were also negative initially at the
earlier lags but these became positive later. The separate
analysis of night time and day time data seemed to support
the conjecture in Section 3.2 about the diurnal migration of
dinoflagellates from the sea bed to the surface during the
day. The increased photosynthesis in the day seemed able to
compensate for its consumption leading to a positive increase
in DO and this further increased the CHLt. However, at night
light reaction of photosynthesis stopped and the DO was
being consumed without fresh supply. This led to the negative
sign of the DO parameters. However, when we combined the

night and day data the effect of photosynthesis seemed to
have dominated and we saw positive coefficients of DO in the
chlorophyll equation, at least, for the lower lags. A similar
explanation went for the nutrient variable TIN. In this case
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Table 4 – Estimation of 2-h data (2000–2001) by VARX
model, fractional differencing

Dependent
variable

Coefficient
estimate

Standard
error

t-Value p-Value

Day time period (d = 0.75)
CHLt

CHLt−1 −0.0420 0.0144 −2.92 0.0035
CHLt−2 −0.0623 0.0136 −4.58 0.0001
CHLt−7 0.1802 0.0141 12.76 0.0001
CHLt−8 0.1142 0.0139 8.20 0.0001
CHLt−13 0.0390 0.0136 2.87 0.0042
CHLt−14 0.0600 0.0141 4.27 0.0001
DOt−1 15.6160 4.2106 3.71 0.0002
DOt−6 −14.1324 4.0477 −3.49 0.0005
DOt−11 −10.1419 4.0507 −2.50 0.0123
DOt−14 28.9368 4.2014 6.89 0.0001
SRt −8.6418 2.2523 −3.84 0.0001
SRt−8 13.9926 2.2380 6.25 0.0001
TEMPt−10 −0.2281 0.1212 −1.88 0.0600
TINt−2 −15.2875 2.3993 −6.37 0.0001
TINt−3 −11.3470 2.4082 4.71 0.0001
TINt−4 15.1377 2.4548 6.17 0.0001
TINt−9 7.4573 2.4073 3.10 0.0020
TINt−10 10.7069 2.4136 4.44 0.0001

Night time period (d = 0.78)
CHLt

CHLt−3 −0.0342 0.0165 −2.07 0.0386
CHLt−5 0.1173 0.0172 6.84 0.0001
DOt−1 −8.1330 4.4114 −1.84 0.0653
DOt−5 20.3493 4.5080 4.51 0.0001
TINt−3 −22.7369 2.5753 −8.83 0.0001
TINt−4 13.1623 2.5330 5.20 0.0001

Note: CHLt is fractionally differenced. DOt and TINt are first-
differenced. TEMPt and SRt are seasonally differenced by 6 periods

t
fi
d
b
s
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n

sult of Table 5.
The corresponding 2-h data results are reported in the

lower panel of Table 5. Note that the RMSE values were much
in day time period. TEMPt and SRt are seasonally differenced by 5
periods in night time period.

he data provided more consistent results, namely the coef-
cients of TIN were basically negative for lower lags, for both
ay time and night time data, reflecting that nutrients were
asically consumed in the growth of the AB. Not surprisingly,

olar radiation and water temperature play an insignificant
ole in Table 4 due to the low level of solar radiation at
ight.

Table 5 – In-sample and out-sample RMSEs of
forecasting models (Non-fractionally differenced case)

Training
period

Variable RMSE (2002) RMSE (2001.07–
2001.10)

Daily (2000) CHL-AR 72.7716 175.5023
Daily (2000) CHL-VARX 75.1641 174.8866
Daily (2000–2001) CHL-AR 70.9099 172.4904
Daily (2000–2001) CHL-VARX 71.8470 164.9690

2-h (2000) CHL-AR 83.2438 65.5900
2-h (2000) CHL-VARX 84.3869 67.7819
2-h (2000–2001) CHL-AR 83.8826 64.6789
2-h (2000–2001) CHL-VARX 84.6627 64.8796

Note: CHL-VARX, VARX model for CHL; CHL-AR, univariate autore-
gressive model for CHL.
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3.5. Forecasting performances and an alarming
system

The forecasting performances of the VARX models were stud-
ied both using the in-sample (training) and out-of-sample
(testing) periods. The forecasting performance was measured
by the root mean square error, RMSE. The forecasts were 1-
step ahead forecasts with values of TEMP and SR assumed
known. In order to compare the forecasting results more com-
pletely, the estimation results of non-fractionally differenced
CHL data for the period 2000–2001 were also considered and
they are presented in Appendix A. Due to the limited space,
only the results of the equation of CHLt are shown. The estima-
tion results for the year 2000 are also available upon request.

Since the forecasting performances for fractionally differ-
enced and non-fractionally differenced CHL data were about
the same, only the results of non-fractionally differenced CHL
data are reported in Table 5 for convenience. From the upper
panel of Table 5, the daily results of RMSE values for 2002 us-
ing 2 years of training data were somewhat smaller than those
using 1 year data only. Intuitively, a 2 year dataset could give
more information for estimation and might be useful for pre-
diction as well. In order to compare with the result in Lee et al.
(2004) the out-of-sample forecast RMSE for the period 1 July,
2001 to 31 October, 2001 is also reported. For this period Lee et
al. (2004) reported a RMSE of 184.00 while the RMSEs for both
of our VARX models were somewhat less than 184.00. The nu-
merical results here showed the superiority of our models over
the approach of artificial neural network in Lee et al. (2004). As
followed from Lee et al. (2004), most significant bloom events
were found in 2000 and 2001. Hence, the observations dur-
ing July 2001 to October 2001 are chosen in Fig. 1 to compare
the forecasting performance qualitatively. The model of non-
fractionally differenced data seemed to capture the blooms in
2001 July pretty well. During August to October of 2001, the
forecasted CHL values were close to the actual observations
qualitatively. This result is consistent with the numerical re-
smaller with 2-h data because of smaller observed values of

Fig. 1 – Out-of-sample forecasting of daily CHL by VARX
model during July, 2001–October, 2001, no fractional
differencing.
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Table 6 – Results for alarming system of forecasting models

Cases Variable Threshold Average lead time 2002 Correct prediction (%)

Daily naïve case CHL 400 2.25 75
Daily non-fractional (2000) CHL-AR 400 2.29 86
Daily non-fractional (2000–2001) CHL-AR 400 3.43 71
Daily non-fractional (2000) CHL-VARX 400 2.67 67
Daily non-fractional (2000–2001) CHL-VARX 400 2.89 67
Daily naiv̈e case CHL 450 2.00 100
Daily non-fractional (2000) CHL-AR 450 2.17 83
Daily non-fractional (2000–2001) CHL-AR 450 3.00 80
Daily non-fractional (2000) CHL-VARX 450 2.50 83

ive

the threshold value and the indicator was a compromise be-
tween rates of correct alarms and the lead-time from an alarm
to the actual event. Normally, the frequency of no alarms in the
case of an event should also be considered. For the threshold

Fig. 2 – Out-of-sample forecasting of 2-h CHL by VARX
model during July, 2001–October, 2001, no fractional
differencing.
2.33 83

model for CHL.

values and the testing period considered here the frequency
of no alarm was very small and so this had not been taken into
account in this study. Two threshold values, one at 400 mV and
the other at 450 mV were considered. The indicator variables
were one-step ahead forecasts obtained from the daily VARX
models in Section 3 for the periods 2000 and 2000–2001. Only
daily data were considered as they are deemed most useful
in practice. The results from the VARX model were compared
with that of a high order univariate autoregression used at the
beginning of this section and a naïve forecast procedure that
used the raw data only. The average lead time from sounding
of the alarm to the red-tide event given that the event actually
occurred was recorded together with the rate of correct pre-
diction. The results of warning system are reported in Table 6.

Suppose that the rate of correct prediction was taken as
priority over lead time. Then, the champion for the 450 mV
case was the VARX model based on the non-fractionally dif-
ferenced 2000 data. It had an average lead time of 2.5 days
from triggering of the alarm to the actual event and an 83%
of correct predictions of ABs. Furthermore, the VARX model
based on 2000–2001 data provided the same accuracy of the
alarm system although the average lead time was shorter than
that of the champion by a small amount. As a benchmark, the
naïve approach based on the chlorophyll series scored 100%
in terms of correct predictions with an average lead time of
2 days. This showed that there is an improvement of earlier
warnings by our VARX models over the naïve approach. On the
other hand, when the lower threshold value of 400 mV was
used, the average lead time was longer than that in the case
of higher threshold value. However the percentage of correct
predictions of AB was lowered because the warning system
became more sensitive to the occurrence of AB. Under this
threshold value, the best VARX model had a lead time that
was almost 3 days and this might be significant in allowing
more time for the fish farms or relevant organizations to take
preventive actions. The price, of course, was that there might
be a bigger chance of a false alarm. The cost of this might be
insignificant when compared with the actual damage due to a
harmful AB. Certainly, more future studies in such a warning
system will be valuable.
Daily non-fractional (2000–2001) CHL-VARX 450

Note: CHL-VARX, VARX model for CHL; CHL-AR, univariate autoregress

CHL. Again both VARX models had very similar performances
and the differences in RMSE values were not significant. The
out-of-sample forecasting performance of a high order AR
model of lag 34 fitted to the first differenced CHL data is also
reported in Table 5. As explained in the Introduction section
multivariate model could be inferior in its forecasting perfor-
mance relative to a univariate model. This seems to be the
case here and all the VARX models are somewhat inferior to
the AR model in terms of RMSE although the values are very
close. The findings here are consistent with those in Lee et al.
(2003). Fig. 2 gives the corresponding plots of out-of-sample
forecasts for the models based on 2-h data during the same
forecasting period.

A warning system for a possible red-tide event was also
considered. A red-tide event here was defined to be an ob-
servation of CHL value at 500 mV or above. There might not
be enough events for testing the warning system if a value
higher than 500 mV is chosen. As in all warning systems there
was an indicator variable and an alarm was triggered when a
certain threshold was crossed by the indicator variable. Here,
one-step ahead forecasts from time series models in Section 3
were considered as potential indicator variables. The choice of
4. Conclusions

The successful application of the multivariate time series
models was demonstrated by fitting VARX models to both daily
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Appendix A

See Tables A.1 and A.2.

Table A.1 – Estimation of daily data (2000–2001) by VARX
model, no fractional differencing

Dependent
variable

Coefficient
estimate

Standard
error

t-Value p-Value

CHLt

CHLt−1 −0.1613 0.0374 −4.31 0.0001
CHLt−2 −0.0890 0.0382 −2.33 0.0202
CHLt−3 −0.1011 0.0377 −2.68 0.0075
CHLt−4 −0.1379 0.0389 −3.55 0.0004
CHLt−5 −0.1132 0.0389 −2.91 0.0037
CHLt−6 −0.1095 0.0383 −2.86 0.0044
CHLt−7 −0.1078 0.0382 −2.82 0.0049
CHLt−8 −0.1127 0.0396 −2.85 0.0046
CHLt−9 −0.0964 0.0375 −2.57 0.0105
CHLt−12 −0.0606 0.0376 −1.61 0.1080
CHLt−14 −0.0640 0.0365 −1.75 0.0804
DOt−8 −34.7887 10.9376 −3.18 0.0015
TINt−1 1.7269 0.3317 5.21 0.0001

Note: All series are first-differenced.

Table A.2 – Estimation of 2-h data (2000–2001) by VARX
model, no fractional differencing

Dependent
variable

Coefficient
estimate

Standard
error

t-Value p-Value

CHLt

CHLt−1 −0.2391 0.0109 −21.93 0.0001
CHLt−2 −0.2026 0.0109 −18.51 0.0001
CHLt−3 −0.1300 0.0111 −11.71 0.0001
CHLt−4 −0.1018 0.0112 −9.11 0.0001
CHLt−5 −0.0964 0.0112 −8.64 0.0001
CHLt−6 −0.1057 0.0112 −9.41 0.0001
CHLt−7 −0.0920 0.0112 −8.25 0.0001
CHLt−8 −0.1012 0.0110 −9.19 0.0001
CHLt−9 −0.0297 0.0108 −2.75 0.0061
CHLt−12 0.1073 0.0106 10.12 0.0001
CHLt−13 0.0697 0.0106 6.56 0.0001
DOt−4 6.1241 3.5522 1.72 0.0847
DOt−8 −9.7275 3.5333 −2.75 0.0059
DOt−10 6.0571 3.5117 1.72 0.0846
DOt−11 −6.0791 3.5314 −1.72 0.0852
DOt−12 7.3670 3.5456 2.08 0.0378
SRt−2 14.7275 1.5711 9.37 0.0001
TEMPt −33.8388 7.0305 −4.81 0.0001
TEMPt−1 33.4056 7.0235 4.76 0.0001
TINt−5 −16.2358 2.2205 −7.31 0.0001
TINt−6 −9.0745 2.2413 −4.05 0.0001
TINt−7 16.9944 2.2419 7.58 0.0001
TINt−10 −16.9670 2.2361 −7.59 0.0001

TINt−11 12.8372 2.2425 5.72 0.0001

Note: CHLt , DOt and TINt are first-differenced. TEMPt and SRt are
seasonally differenced by 12 periods.
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