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Abstract: Two paradoxical analyses of the water sector in Tunisia can be advanced. According to the
World Bank's report about the Tunisian water reserves published in 2009 "Tunisia is preparing to face,
during the next decades, too many important water access problems, arising from growing demand and a
decrease of supply. Institutions will also face more complex management problems™ This orientation
which highlights the scale of the water crisis in Tunisia is confronted with a totally contradictory
statement of Abderrazek Souissi the General Director of the Office of Planning and the Hydraulic
Equilibrium in the Agriculture Ministry, which proclaimed that "Water is scarce in Tunisia. But until
now, we well managed our resources, so we cannot talk about water crisis. "

Thus, The main object of this paper is to analyze and dissect the evolution of the availability of water in
Tunisia by forecasting it using the methodology of Box and Jenkins, thus, a manager can develop
effective action plans to use these resources in a more efficient and optimal manner. Prior to the forecast

step, we first apply the NIPALS algorithm to impute missing data in our series.
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Introduction

Faced with limited and unevenly distributed in
space and time water resources, a water shortage
problem is revealed in many countries having a
situation of inequality, translated by excess water
demand compared to available resources. More
specifically, and in the Mediterranean basin,
Tunisia is among the least endowed countries with
water resources.

To be more rigorous, we try to analyze the current
and future status of water resources in Tunisia,
referring to Box and Jenkins technique.

The methodology of Box and Jenkins known for
its simplicity and effectiveness has been applied in
an important package of work such as that of
Maidment and al (1985). Based on monthly data
from January 1978 until December 1987, Al

Dhowalia KH (1996) tried to determine the
evolution of water demand for the city of Riadh
referring to this methodology. Applying the same
procedure, Lawgali FF (2008) tried to predict the
demand for water in agriculture, industry and the
domestic sector in Libya. The problem is that this
forecasting technique is used only with a complete
dataset however; our series suffer from missing
data.

The management of missing data is a fundamental
issue and a key problem in statistical practice.
This type of data is often a nightmare for any
statistician since don’t taken into account missing
data can indeed significantly affect the calculated
estimators.

This problem frequently occurs in a data table
(due to non-response in the case of surveys, the
non-data storage,...) and the most commonly used
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solutions to overcome it are the definitive removal
of individuals having missing data or the
imputation of missing values. Despite both
techniques lead to obtaining a complete table, the
second one (imputation of missing data) remains
the most preferable because it keeps all the
observed information. A literature review shows
the existence of several works that seek to search
the most reliable imputation technique. A multiple
imputation method was developed by Little, RJA,
Rubin, DB (1987). This technique consists in
replacing a missing value by plausible values m
(m> 1) .This method can be described in three
steps. The first step consists in assigning values
for each missing data, referring to a suitable
random model. We pass, thereafter; to repeat m
times the first step in order to get m completed
tables. In a final step, we proceed to the analysis
of these m tables based on statistical methods.

m
* 1 *
Bi = a Z Bi,j
j=1

Rubin has shown that even with a small number
m, we can have reliable results.

Schafer, JL (1999) from his part has used more
simple techniques to impute missing data such as
the mean, median or mode. Tenenhaus, M. (1998)
has presented a more efficient imputation
technique based on NIPALS algorithm proposed
by WOLD in 1966. Wasito, 1., Mirkin, B., (2006)
has proposed the nearest neighbor approach for an
imputation based on least squares. A comparison
between several imputation techniques was
developed by Preda, C., et al. (2005). Similarly
Preda, C., et al (2005) has used the NIPALS
algorithm to determine plausible values for
missing data.

In this paper, we focus on the management of
missing data in the first section. We pass
thereafter to trace the evolution of water
availability per capita in Tunisia (m*/capita). This

analysis is crucial because it allows us to clarify
the situation of Tunisia against the risk of a fresh
water shortage. Can we speak about a water crisis
in Tunisia? and if so, is it a temporal or permanent
crisis?

We finish our paper with a conclusion including
recommendations.

1. Data

To examine the future evolution of water
availability in Tunisia (m? per capita per year), we
opt to a database collected from the National
Institute of Statistics (NIS). Inappropriately, this
database is incomplete. So we start by completing
it wusing a stepwise-descending sequential
approach. It is obvious that the availability m® per
capita per year is the quotient of the total
resources which can be mobilized per year divided
by the total annual population.

Total resources which can be mobilized

Water availability (m?/capita/year)= Total annual population

Then, the first step consists in collecting a
complete database tracing the evolution of the
Tunisian population per year over the period 1968
— 2012 from the NIS. The analysis of the graph
below shows that the Tunisian population has
steadily increased during the last four decades. In
1968, Tunisian population was about 4933
thousands; by 2012 it had grown nearly 2 times to
over 10780 thousands.
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Figure 1: Evolution of the Tunisian population
(thousands)

For the “Total resources which can be mobilized”
series, once again, we have an incomplete
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database collected from the NIS and the “General
Direction of Water Resources” as mentioned in
the figure 2 below. An important part of this
dataset is given as the percentage of “Global water
potential”. Thus, we must begin by collecting the
series of “Global water potential”.
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Figure 2: Evolution of Total resources which can be
mobilized (million m?)

Similarly, referring to the database provided by
the “General Direction of Water Resources in
Tunisia”, we can collect annual data covering the
period 1968 — 2010 retracing the evolution of
“total water potential” and water resources by type
(Deep aquifers, Shallow aquifers and Surface
water). This base is required to study the future
trend of “total resources which can be mobilized”
and the “availability per capita”. Again, we note
that the database suffers from the presence of
several missing data as marked by the following
graph:
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Figure 3: Evolution of Deep aquifers, Shallow
aquifers, Surface water and Total water potential
(million m%)

Thus, before any statistical processing, we must
start by completing the database and estimating
missing values. Our strategy is organized in four
steps:

» Step 1: Estimate the missing data in the
data sets of: deep aquifers, Shallow aquifers and
Surface water resources.

* Step 2: Complete the database of "Total
Potential” knowing that:

Total Potential

= Deep aquifers
+ Shallow aquifers
+ Surface water

* Step 3: Complete the database of «total
resources which can be mobilized»

» Step 4: retrace the evolution of the
"Availability m3 per capita per year"

* The NIPALS algorithm

One of the most serious problems that we confront
in the statistical practice is the problem of missing
data. Indeed, the majority of statistical methods
must be applicable only with complete tables.
Therefore, one of the most practiced solutions is
to remove the individuals with missing data.
However, this method is qualified by injudicious
and estimates derived after applying this technique
are unreliable especially for small-scale tables.
Thus, to overcome this difficult and common
problem in practice and best manage the missing
data, the most affordable solution is to provide a
plausible value for each missing data. The choice
of this value is very important seeing that each
imputed data, despite that it is uncertain, will play
the same role as observed data. For this purpose,
literature has developed and proposed an
assortment of imputation methods.

To handle the problem of missing data in
our database , we rely on NIPALS algorithm (Non
Linear Estimation by Iterative Partial Least
Squares) proposed by Wold in 1966. According to
Michel Tenenhaus (1998) the aim of this
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algorithm is "to perform principal component
analysis in the presence of Missing Data."

NIPALS algorithm is based on the
decomposition formula for principal component
analysis as written follow:

a
X= z tn Py
h=1
with:

"a" is the rank of the variables-individuals
matrix denoted X.
th = (thi,thz -, thy) and
Py = (Pu1,Prz, e Php)’represent
respectively the principal factors and principal
components.

Thus, individuals x; can be expressed as

follows:
a

X; = Zthi Py i=1,..,n
h=1

According to Tenenhaus Michel (1998), in the
case of presence of missing data, NIPALS
algorithm is written as follows:
Step1: Xp =X
Step2:Forh=1,2,...,a:
Step 2.1: t;, = first column of X .4
Step 2.2: Repeat until convergence Py:
Step2.2.1:Forj=1,2, ..,

>, . A\ Xh—ijithi
{L:x]-i and tp; exlst} Ljt =t

p: Ph] =

Z{i:xﬁ and tp; exist} tlei
Step 2.2.2: Normalize P, to 1
Step 2.2.3: Fori=1,2, ...,

Z{j:xﬁ exist} Xh-iji Phj

n: tpy Z{j:xﬁ exist) PE;

Step 2.3: X, = Xp_1 — tyPy

Therefore, the NIPALS algorithm estimates
missing data by the mean of the reconstitution
formula as described below:

X; = Xl'l‘ g; Zthi Ph]
h=1

A necessary condition to obtain effective
estimations is to not exceed 50% of missing data
in the dataset.

We will begin by describing descriptive statistics
for all relevant variables in our sample. The
results are summarized in the table below:

Table 1: Statistics of the series "Total Potential"

Number % Mean Standard-
Missing deviation
Data
Total 19 55.814 | 4462.33 607.45
Potential
(TP)

Table 2: Statistics of the series "DA", "SA" and "SW"

Number % Mean | Standard-
Missing deviation
Data
Deep 40 6.97674 | 1102.03 | 259.264
aquifers
(DA)
Shallow 24 44.186 | 558.647 | 228.028
aquifers
(SA)
Surface 41 4.65116 | 2579.27 165.747
water
(SW)
% of Total 19%
Missing
data
R® 0.954

Table 1 shows that missing data in the "Total
Potential™ series far exceeded the threshold of
50%. Whereas, this threshold is respected by other
series (Shallow aquifers series, Deep aquifers,
Surface Water). In addition, the first principal
component has the maximal explanatory power
(about 0.954). Thus, and in order to obtain a
consistent and efficient estimates we proceed as
follows:
- We apply, in a first step, the NIPALS
algorithm on a matrix composed of three
series namely: deep aquifers, Shallow

Imen Gam*, IIMEI Volume 3 Issue 12 December 2017




R\ Research

Analysis

journals

International Journal of Management and Economics
Invention ISSN (e): 2395-7220
[[Volume||3||Issue||12||Pages-1480-1492||Dec.-2017||

Index Copernicus ICV: 72.76, DOI: 10.18535/ijmei/v3i12.01

aquifers and Surface water resources in
order to propose a plausible value for each
missing data.

- We pass, thereafter, to complete the series
"Total Potential” by using the following
formula:

Total Potential = deep aquifers + Shallow aquifers
+ surface water

We follow the approach of the NIPALS algorithm
already described above. We first determine the
components t,; and Py;. We note that the first
principal component captures the maximum of the
total variance. Results are summarized in the
following table:

Table 3: Values of Ph

Ph
deep aquifers 0.631299
Shallow aquifers 0.521421
Surface water 0.574092

Values of t, are given in Annex 1. Thus, to
estimate missing values we need to solve the
following equations:

Deep aquifers

1102.03 + (0.631299) (t)

(259.264)
Shallow aquifers ; = 558.647 + (0.521421) (t;)
(228.028)
Surface water ; = 2579.27 + (0.574092) (t)
(165.747)

Once missing values are imputed, we can deduce
missing data in the vector "Total Potential” and
replot another time the evolution of the different
series "DA", "SA", "SW" and "TP" (see figure 4).
The “Total Potential” series indicate that the total
available volume of water in Tunisia has shown a
small rise recording an average annual growth rate
of around 1.5% per year.
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Figure 4: Evolution of deep aquifers, Shallow
aquifers, Surface water and Total Potential (million
m3)

After imputation of missing data in the "Total
Potential™ series, we pass in a second step to
reapply the same procedure in order to complete
the dataset of “total resources which can be
mobilized per year”. We proceed, then, as follows:
- We replace the percentages of “total potential” in
the “total resources which can be mobilized per
year" series by their exact values.

- We apply, thereafter, NIPALS algorithm on a
matrix containing four series: “deep aquifers”,
“Shallow aquifers”, “Surface water” and “total
resources which can be mobilized per year” to
determine the rest of missing data in “total
resources which can be mobilized per year" series.
Descriptive statistics of “total resources which can
be mobilized per year" series are found in the
table below:

Table 4: Statistics of “Total resources which can
be mobilized per year" series

Number % Mean | Standard-
Missing error
data
Total 30 30.2326 | 3272.3 | 1125.15
resources
which can
be
mobilized
R® 0.986
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As before, we first determine the components ty;
and Pp;. We note that the maximum of the total
variance is captured by the first two principal
components. After this step we found the results
summarized in the following table:

Table 5: Values of Py,

Ph1 Ph2

Total resources which can be 0.501487 | 0.740101

mobilized

The values of t, are shown in Appendix 2.
Subsequently, to estimate missing values we need
to solve the following equation:

Total resources which can be mobilized ; = 3272.3
+ (1125.15) (0.501487) (tin) + (1125.15)
(0.740101) (t;2)

The following figure shows the evolution of
available resources after imputation of missing
data.
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Figure 5: Evolution of Total resources which can be
mobilized (million m?)

During the same period 1968 - 2010, the
evolution of the “Total resources which can be
mobilized” is more important than this of “Total
potential”. This result can be explained by the fact
that Tunisian State pays more and more attention
in investment of water exploitation project and the
amelioration of water quality to be available to the
satisfaction of human needs. Another explanation
can be also advanced. Due to the population
growth and the dramatic rise of urbanization rate,

the needs of healthy water increase more and more
and subsequently exploitation of water grows.
A final step in this sequential approach is to
determine the evolution of "per capita availability
per m*" using the following formula:
per capita availability(m?3),
Total resources which can be mobilized,

Total population,

It is undeniable that Tunisia is characterized by
avarice of water resources. Indeed, during the last
four decades the “per capita availability per m®” is
still below 500 m® / person / year, threshold
indicator of the presence of a critical situation.
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Figure 6: Evolution of the per capita availability m®

2. Methodology and results

Referring to the methodology of Box and Jenkins,

we adopt a systematic study for the “per capita

availability m3” series. The main aim of this study

is to choose the most appropriate  ARMA

representation of the studied phenomenon,

eventually we end up with the closest prediction to

the reality.

This approach is based on four basic steps namely:
» Parameters identification

Imen Gam*, IIMEI Volume 3 Issue 12 December 2017



R\ Research

Analysis

journals

International Journal of Management and Economics
Invention ISSN (e): 2395-7220
[[Volume||3||Issue||12||Pages-1480-1492||Dec.-2017||

Index Copernicus ICV: 72.76, DOI: 10.18535/ijmei/v3i12.01

» Estimation
» Validation
* Prediction

2.1. Stationary study
A time series X; (t =1,..., T) is generally defined
as a sequence of real numbers, indexed by
integers, such as time. Before treatment of a time
series, it is essential and vital to study their
characteristics, ie to analyze its expectation and its
variance. If these characteristics vary over time,
the time series is called non-stationary; otherwise
and in the presence of an invariant stochastic
process, X is considered stationary.
One of the criticisms of a non-stationary series
also called integrated series or unit root series is
that we can study its behavior only in the
concerned period and we cannot generalized to
other periods. Thus, for a forecasting aim, non-
stationary series have a very limited value.
In a formal way, the stochastic process X; is
considered stationary if these three conditions are
met:

E(Xt) = E(Xt+m) = p; Vtetvm  (6)

Var (Xt) <o ; Vt )
Cov (Xt Xt+h) = E[(Xt-p) (Xt+h-p)] =
8

To test the stationarity of a time series, we often
opt for two types of tests: formal and informal
tests.

Informal tests

Informal tests boil down simply to the visual
analysis of graphics and correlograms.

* Graphics analysis

A first indication about the stationarity of a time
series can be provided by graph analysis. In fact,
visually, the series of per capita availability m*
(figure 6) exhibited an overall upward trend and
even uses a logarithmic transformation (Figure 7)
does not solve this problem and no significant
changes in its behavior are noted. This observation

leads us to suspect the presumption of non
stationarity of our time series. This intuition can
be reinforced by the analysis of the correlogram.

Idisp

57
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|

I T T T I
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Figure 7: logarithmic transformation of the series of
per capita availability m?

» correlogram analysis

A brief overview of the correlogram of our series
(Figure 8) confirms and consolidates the
presumption of non-stationary. Indeed, the
autocorrelations are significantly different from
zero and decreases very slowly. In addition, only
the first partial autocorrelation is significantly
different from zero. So, it becomes necessary to
verify this intuition by applying more efficient and
more reliable statistical tests known as formal
tests.
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Figure 8: correlogram of the series log per capita availability m® (Idisp)

formal tests

A large body of stationary tests is developed in the
literature such as: Dickey Fuller test (DF),
Augmented Dickey Fuller test (ADF), Philips
Perron test, KPSS test ... Generally these tests can
be classified into two groups. The first group is
based on the null hypothesis of no unit root in the
chronic (KPSS test (1992)). The other group is
based on the null hypothesis of presence of unit
root in the time series (ADF test). In our analysis,
we opt for three tests (ADF, PP, KPSS). Table 1
below summarized the different results.

Table 6: Stationarity tets

ADF PP KPSS
Ldisp -2.5026 -17.2953 | 1.5397
(0.3752) | (0.08416) | (0.01)
Dldisp -4.2732* | -33.4768* | 0.0501*
(0.01) (0.01) (0.2
(.) P value
* Stationary at 5%

Table 6 shows that our variable is not stationary in
levels. Therefore, we proceed to the first
differentiation. Thus, it appears that at 5%
threshold the variable "Ldisp" is integrated of
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order 1. The graphic presentation of our series in Once obtaining a stationary series we can pass to
the first difference confirms this result (figure 9) the identification of the orders of the different
sought processes by examining the correlogram.
" In other words, we must determine the orders p

° and g of the ARMA process.

19!70 15;80 19‘90 20‘00 2(;10

Time

Figure 9: Evolution of the series dldisp

2.2. Parameters ldentification
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Figure 10 : correlogram of the series dldisp
The analysis of the correlogram shows that only different from zero. We can deduce, then, that p =
the second partial autocorrelation is significantly 2. For the simple autocorrelations, for precaution,

we take the order q = 3.

After this step, eleven processes namely: AR (1), ARMA (1,1), AR (2), should be estimated in the

MA (1), MA (2), MA (3), ARMA

(2,3), ARMA next step.

(2,2), ARMA (2,1), ARMA (1,3), ARMA (1,2),
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2.3.Estimation and model validation

We proceed, in a first step, to test parameters
significance for all possible combinations of
ARMA processes proposed to model the "dldisp”
series.

We retain, thereafter, the process that minimizes
the information criterion (AIC, SC ...) among all
the ARMA models validated in the first step.
Thus, for the series (Idisp), the analysis of all
possible combinations shows that only the
ARIMA (2,1,2), and ARIMA (1,1,1) have
significant coefficients. So, for the rest of our
study, we check only those two processes.

- For the ARIMA (2,1,2): The coefficient of
the moving average of order 2 is
significantly different from zero since the
calculated t-statistics is well beyond the
tabulated value (~ 2.0167) at the
significance threshold of 5 %. The same
conclusion is adopted for the coefficient of
the moving average of order 1. Therefore,
the ARIMA (2,1,2) remains a candidate for
modeling the series (ldisp).

- Regarding the ARIMA (1,1,1): for the part
AR, the autoregressive coefficient of order
1 is significantly different from zero since
the calculated t-statistics is well beyond its
tabulated value at the significance level of
5%. Moreover, the moving average
coefficient of order 1 is significantly
different from zero at the threshold of 5%.

Following this first phase of the validation step,
the two processes ARIMA (2,1,2) and ARIMA
(1,1,1) remain competitors for the modeling of the
series (Idisp). Thus, to strengthen the good orders
p and g, we retain the model that minimizes one of
the information criteria (in our case we opt to the
Akaike criterion "AIC"). The following table
shows the different values of AIC for each
validated ARMA process.

Table 7: AIC criterion
Model | ARIMA(2,1,2) | ARIMA(1,1,1)
AlIC -75.33 -74.22

To conclude, we can say that the “per capita
availability m® series (Idisp) can be modeled by
an ARIMA (2,1,2) process following the next
equation:
ldisp; = 0.5209 ldisp;_4
— 0.8199 ldisp;_, - 0.5911 &;_4
+ 0.6221 &, + &
Or, otherwise:
(1+0.5209 L —0.8199 L?)Idisp,
=(1-05911L + 0.6221 L?)¢,
To build a clearer idea about the quality of this
adjustment, we use the superposition of the two
series (Idisp and Idisp adjusted) on the same graph
as traced by the figure below:
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Figure 11: Diagram of the chronic and its adjustment
by the ARIMA (2,1,2) process

Visual analysis of this figure shows a certain
harmony between the two graphs of both observed
and adjusted series. In this case we can speak
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about a good fit and pass later to residual tests to
ensure the adequacy of the accepted model.

Residuals tests

To judge whether the estimate is of good quality,
residuals tests are often used.

To diagnose the various residuals anomalies, we
conduct tests of absence of autocorrelation and
normality tests. Residues of a good process have
several qualities such as independence and
normality.

e Test of absence of Autocorrelation

By definition, residuals autocorrelation problem
arises when the covariance of the error is different
from zero. Thus, in the presence of this problem
the variance-covariance matrix of residuals will
not be diagonal, error terms of different
observations are not independent and estimators
obtained using the Ordinary Least Square method,
despite being unbiased, they don’t have the
minimum variance.

Generally, a process is considered well estimated

if the estimated residuals e; = % behave as a
white noise. In other words, by the absence of
autocorrelation test, we seek to check the two
hypotheses below:

H,: e; is a white noise

H;: e; is not a white noise
The Ljung Box test with its statistic:
p2()
(n—J)
(where n is the total number of periods) is often
applied to test the hypothesis of serial
independence in a time series. This statistic is
distributed according to a chi-squared distribution
with k degree of freedom. The application of this
test allows us to accept the null hypothesis (Hy)
at the 5% threshold if Q(k) is less than the
quantile 0.95 of the corresponding chi-squared
law (the critical probability "p-value” must be

k
QW) =n(n+2) ).
j=1

important and exceeds the fixed threshold). The
result of this test is summarized in the following
table:

Table 8: Ljung-Box test
ARIMA(2,1,2) (Idisp)
p-value | 0.5647

The examination of the above table reveals that
residuals are not correlated (p-value is greater than
the 5% level). So, the selected process is of good
quality. Following the test of absence of
autocorrelation, we must test the normality of
residuals.

e normality test

Residues of an ideal model must always possess
the properties of a normal distribution.

The literature proposes an important package of
normality tests. We endeavor in this paper three
tests:

The Shapiro-Wilk test: This test proposed in
1965 by Samuel Shapiro and Martin Wilk sits on
the following statistic:

(Bi aix)”

Yo (X — %)?

We reject the normality hypothesis if the statistic
is too small, Otherwise, if the p-value is less than
the fixed threshold.

Anderson Darling test: Theodore Anderson and
Donald Darling suggested this test in 1952.

The test Lilliefors: proposed by Hubert Lilliefors,
this test is an adaptation of the Kolmogorov-
Smirnov test.

W =

Table 9: Test of Normality

Anderson- | Shapiro- lillie
Darling Wilk
ARMA(2,1,2) 0.02911 0.1188 | 0.05632
(Idisp)

The Anderson-Darling test has shown that
residues of the “per capita availability (m?)”
follow a normal distribution in the statistical

Imen Gam*, IIMEI Volume 3 Issue 12 December 2017



R\ Research

Analysis

journals

International Journal of Management and Economics
Invention ISSN (e): 2395-7220
[[Volume||3||Issue||12||Pages-1480-1492||Dec.-2017||

Index Copernicus ICV: 72.76, DOI: 10.18535/ijmei/v3i12.01

threshold of 10%. While Shapiro-Wilk test and
Lillie test highlighted that these residues follow a
normal distribution in the statistical threshold of
5%.

Thus, we can deduce that our estimated process is
perfect and can be validated. We can, thereafter,
pass to the forecasting step.

2.4. Forecast

The forecasting step is very important since it
allows us to reveal the changing in “water per
capita availability (m®” in Tunisia in the next
years.

The forecast of the series studied at a horizon of
nineteen years (2011 - 2025) is presented by the
following figure:
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Figure 12: Forecast of the per capita availability (m®)

Visual analysis of the above figure does not reflect
any cheering sign; in contrast, it notes a sort of
uneasiness and even an alarming and critical
situation. Indeed, it reveals that the availability of
water in Tunisia is stabilizing at a dangerous and
appalling level in the coming years. Although the
threshold indicator of the presence of water
drought problem is set at 1000 m® per capita per
year, Tunisian citizen fails to exceed the threshold
of 500 m® of water per year, threshold of absolute
scarcity according to Falkenmark. Thus, we affirm
that Tunisia is still among the countries suffering

from a shortage in water resources and this
worrying situation will not be improved in the
next years, according to our forecasts, rather it
will spread from year to another.

By this predictive analysis, we reach the water
management problem in Tunisia and a crucial
enigma of making decision. In fact, the
establishment of an effective and sustainable
patrimonial management in order to plan projects
and investments in water sector conserve and
streamline water consumption, improve the
efficiency of infrastructure mainly through
reducing the volume of water waste and
rehabilitation of water networks ... becomes a
decisive issue

Conclusion and Recommendations

Without claiming completeness, the problem of
water situation, although it is very interesting and
treated by many researchers, we treat it a little
differently using NIPALS algorithm to impute
missing data in our series and prediction using
Box and Jenkins methodology reveals a
deterioration in water per capita availability (m®)
in Tunisia in the coming years.

At this stage, and in a context of structural
shortage ((less than 500 m® / year per capita) and
facing to growing uncertainties related to climate
change, population growth, the evolution of
tourism sector, industry and irrigated land, an
appropriate and effective management is essential
and urgent decisions should be taken to ensure the
sustainability of human, economic and ecological
development. Hence, Tunisian State must develop
action plans for a more efficient use of resources,
a suitable management of the different uses of
water and encourage more and more subscribers
to rationalize their use.

Brief, Tunisia needs to develop a more sustainable
development scenario that can only be achieved
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gradually through necessary reforms on two areas:
water conservation and integrated management of
networks and water resources.
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Annex 1

Obs 1D {Primary} | M1.1[1]
1968 -5 .101z27
1969 -3 .04779
1970 -2 .97555
1971 —-2.93373
1972 -2 .581948
1973 -z .785z9
1974 -2 .56023
1975 —-2.38379
1976 -2 .4562=2
1977 —2.29741
1978 —1.74008
1979 —-1.z959
1980 —0.4933=2¢
1981 —-0.64570¢
1982 —-0.585641
1983 —-0.43903¢
1984 —-0.55240¢
1985 —-0.156Z1¢
1986 0.1529935
1987 0.205464
1988 0.226866
1989 0.29z241%3
1990 0.74502=
1991 0O.591z9z
1992 0.556554=
1993 0.5s5:282
1994 0.8049585
1995 1.04772
1996 1.06665
1997 0.9554753
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1.14745 1.495869  -0.115456
1.49283 1.31549  0.0388737
1.49655 1.85525  0.05613544
1.55538 1.90254  0.07298E38
1.555887 1.9032 0.0730999
1.54153 1.89198 0.070873E
1.575Z9 1.92142 | 0.03:=20554

1.6161 1.95775  0.050002
1.66545 £.000584 0.0931542
1.81651 1.962258 | 0.0945204

1.6217% 1.965856  0.0207366

1.68253 2.15055 0.341946
1.6855058 £2.178598 0.357776

Annex 2: Available resources

M1.1[1] M1.1[2]
-3 .494349 o.010043
—-3.4113 0.0z2536946
—3.326837 0.0715643
—3.27331 0.0935497
-3 .09333 0.13825

-3.12771 0.23499:2
—Z.87676 0.44593 6
—Z.678506 O.6l6671
—Z.75955 0.547513
—Z.498z206 O.za5701

—1.84326 0.00055851
—-1.34047 0.034254
-0.825158 —-0.755542
-0.95577Z -0.773158
-0.964728 -0.773534
-0.773804 —0.753433
-0.47347: —-0.461623

-0.4269 -1.02197
-0.173157 -—-0.368352
-0.05410: -0.721938

0.425066 | —0.224263
0.495353 | —-0.161953
0.645374 | —-0.542963
0.4202904 —0.795803
0.475234 | -0.756401
0.8368201 -0.5585512
1.11061  -0.379503
1.41734 -0.147945
1.43557 —-0.142923
1.29517 -0.08000Z2
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