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applicability of the AASHO Road Test data. One of
the findings of this preliminary study is the need
for a more comprehensive, realistic, and consistent
data base before useful relationships between
distress and performance are analytically possible.
This can be accomplished with the cooperation of
state, provincial, and regional highway agencies
through improved behavior monitoring and
Jocumentation practices. Specifically, highway
engineers should attempt to schedule ©periodic
evaluation on homogeneous pavement sections at
reqular intervals of time. The technology now
exists to measure and make computerized,
"manageable" records of a number of pavement
pehavior parameters continuously and simultaneously
at great savings in both time and money. Seasonal
effects play an important role in characterizing
pavement behavior patterns and, therefore, it is
desirable to monitor behavior more than once a year
on each pavement section.

7. The measurement of cracking is still a highly
subjective operation, as evidenced by the numerous
inconsistencies and high variability of the AASHO
Road Test cracking data. Not only is there a need
for more objective crack-measurement techniques, but
in addition the definition of cracking should
reflect the physical behavior, not the hypothesized
cause Or mechanism. There is also a need for
uniformity among different agencies in the
definitions of cracking and other forms of pavement
behavior. Such consistency and cooperation would
aid in the development of a more comprehensive data
base from which pavement distress-performance
relationships could ultimately be developed.

8. The modeling approach presented in this paper
is equally applicable to pavement types other than
flexible pavements. Rigid pavements and also new
types such as sulfur-extended asphalt pavements
should be included in future investigations.

9. In considering pavement deterioration as a
stochastic process, the performance of maintenance
is an intervention in that process. Intervention
analysis is a statistical technique for determining
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whether a known intervention significantly alters
the behavior of a stochastic process. This is a
potential means of evaluating the effectiveness of

various types of maintenance or rehabilitation
strategies.
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Requirements for Reliable Predictive Pavement Models

MICHAEL I. DARTER

The general requirements for reliable pavement prediction models are presented.
Performance models are essential for efficient management of pavements. Ex-
petience has shown that they can best be derived from a data base of in-service
Pavements. The major requirements of a reliable model for predicting perfor-
mance, herein defined as serviceability index and distress occurrence over time,
¥¢ (a) an adequate data base built from in-service pavements, (b) the inclusion
ot all variables (including mechanistic variables) that significantly affect per-
formance, and (c) an adequate functional form of the model that considers
shape, nonlinearities, and interactions; meets boundary conditions; and pro-
'H_ies reasonable sensitivity of variables. The model must also meet statistical
teria for precision (e.g., error of prediction, R?, and regression coefficients).

This Paper describes the requirements and general
development of reliable pavement performance models
?eri\,ed from a data base of in-service pavement
‘nformation. Pavement management requires the use
of Performance models for design of new pavements as
“ell as the maintenance and rehabilitation of older
::‘;:ments. Data from in-service pavements are also

ed for use in establishing the validity or in

calibrating predictive design models derived from
mechanistic concepts. The resulting designs will
only be as reliable as the models used in their
development; thus, their accuracy and capability are
very important.

Predictive performance models can conceivably be
mechanistic in nature when the relationship between
the dependent and independent variables is exactly
known (e.g., F = ma). However, the prediction of
the present serviceability index (PSI), pavement
condition index (PCI) (1), and distress history
depend on many variables in extremely complex ways.
Thus, the only practical predictive model that can
be developed is an empirical model (or semiempirical
model with some mechanistic input) based on measured
data. Multiple regression techniques are commonly
used to develop empirical predictive models. This
paper is limited to the development of linear
regression models and to the requirements of
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Figure 1. lllustration of original prediction model based on 5
2 years’ data and new prediction model based on 16 years’
data.

SERVICEABILITY INDEX

| 1 | | |

reliable models derived from a data base of
information from in-service pavements.

Typical linear regression models take the
following general form:

\-’=ao+a1Xl+aZX2+...anX“ (1)
where

Y = estimated value of the
dependent variable Y
(performance indicator
such as PSI, PCI, or
distress),

Xyr X0 eeev X, = value of the independent
variables (such as layer
thickness, material
properties, climatic
parameters, and traffic
factors), and

ags ajs aps ---s ap = parameters of the model
estimated by regression.

The difference between the measured value Y and
the estimated value Y from Equation 1 for each data
case is called a residual or the error in predic-
tion: Residual = Y - v. The regression procedure
involves the selection of ag, apr azs --- SO
that the sum of the squared residuals over all the
data is minimized. Since the sum of squared resid-
vals is minimized, the process is called least
squares. Thus, no other line is closer to all the
data points. This paper is not intended to provide
a detailed statistical description of regression
analysis but to discuss key practical considerations
in developing predictive models.

The major requirements of a reliable model for
predicting performance include an adequate data
base, the inclusion of all significant variables
that affect performance, an adequate functional form
of the model, and the satisfaction of statistical
criteria concerning the precision of the model.

ADEQUATE DATA BASE

The most important consideration in developing a
reliable performance model is the building of an
adequate data base. First and foremost, the data
base must be a representation of the overall
pavement network that the model is being developed

10 15 20 25 30 35
18-kip ESAL (million)

to represent. Next, the data collected must be
measured accurately and without bias. Finally,
there must be a sufficient number of data cases so
that practical and statistical requirements can be
satisfied.

Representative Sample

A predictive model may be needed for use in pavement
design or rehabilitation over a given geographic
area (e.g., a state or nation). Since it s
generally impossible to physically measure data from
every pavement located in the geographical area, a
sample of the data must be selected. Regression
analysis is commonly performed on a data sample from
which the overall population (or pavement network)
parameters can be estimated. The data sample
collected, therefore, must be representative of the
general geographic region as far as materials,
designs, traffic, soils, climate, and age (varying
up to the desired design life) go. This fundamental
concept of an adequate data base shows that the
results from a single road test provide only limited
information on which to base a performance model.
For example, many persons have criticized the
nationwide use of the models derived at the AASHO
Road Test under very limited conditions. In fact,
analyses conducted on 16 years of data from 25
sections of the Road Test on I-80 showed that the
original equations overpredicted performance, &8
illustrated in Figure 1 (2).

The data base should ideally include data cases
(e.g., projects) that contain a sufficient range of
each of the variables. For example, if a range ©
surface thickness is not included, it is impossible
to include that variable in the model and t0
determine its relative influence on performance.
data base constructed as a data factorial with three¢
or more levels of each variable provides a palanced
set of data from which to develop a broad-bas
model, as illustrated in Figure 2. However, becaus?
of the nature of in-service pavement data (e:9er
messy data), this is usually impossible %
completely accomplish. It is helpful, howevers %0
at least use a factorial design in the initid
planning of the data collection to provide 2 dats
bank as broadly based as possible.

Reliable Data

4 into

The overall data to be collected can be divide
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. stration of factorial data sample to provide balanced information
Figure 2. llu
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tield information and historical information. The
tield data are obtained from surveys and
measurements on each project. The historical data
are obtained from agency records (e.g., traffic,
materials, climate, and construction). Sometimes
portions of the historical data were never collected
on a given project or, if collected, were thrown
away or lost. Care must be taken to assure the
accuracy of the data obtained from historical
records. Field data must be obtained by using
carefully developed procedures. In the past, a few
agencies have developed field data collection
procedures (3-6). Comprehensive procedures have
recently been developed and verified for both
historical and field data for airfield pavements
(1), highway pavements (7-9), and road and street
Pavements (10). Survey crews can be sufficiently
trained to be consistent in data gathering.
Equipment must be maintained and kept calibrated so
that the measurements do not change over time.

Sufficient Amount of Data

The development of a reliable model requires the
Collection of a sufficient number of data cases. A
Case is the basic unit of analysis for which data
have  been obtained. In terms  of pavement
engineering, a case could be a single test section
O an entire construction project. Each case is
composed of one data value for each of the several
variables under consideration. For example, a data
Case could consist of the following data values from
2 single section of pavement: PSI, alligator
Cracking, rutting, surface thickness, base
thickness, California bearing ratio (CBR) of base,
CBR of subgrade, average number of freeze-thaw
€¥cles, deflection, and total accumulated 80-kN
(18-kip) equivalent single-axle loads. This set of
Information would define a single data case.

The actual length of pavement that makes up the
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case must be carefully defined. For example, a case
has been defined in NCHRP Project 1-19 as a uniform
section of pavement that has the following uniform
characteristics along its length (7): structural
design, joint and reinforcement design, proportion
of  truck traffic, number of lanes, subgrade
conditions, construction by same contractor, open to
traffic same year, pavement materials, and
maintenance applied. In most instances, the uniform
section will correspond to a regular construction
project. This procedure avoids the problem of
having widely varying results within a given data
case, which ultimately leads to masking the true
effect of the variables involved.

Analysis of field data for a given uniform
section in NCHRP Project 1-19 showed that, for
individual distress types, a minimum of
approximately 10 percent of the uniform section
length should be measured. A length of 0.16 km/l.6
km (0.1 mile/mile) is the recommended stratified
sampling plan.

It is also important to obtain some replicate
data cases. A replicate data case is two or more
pavements identically constructed (as far as is
known), placed on the same subgrade, and subject to
the same climate and traffic. Any difference 1in
performance between the two gives an indication of
pure error. The value of this estimate is discussed
under statistical criteria.

INCLUSION OF VARIABLES

Identification of Variables

Every possible variable that may affect pavement
performance should be considered initially. This
list will typically be very large. These variables
are then divided into groups such as the following:

1. Data that can be directly measured within
acceptable cost and time constraints;

2. Data that are measurable but too expensive or
time consuming for regular collection;

3. Data that are not available from records or
that cannot currently be measured;

4. Data that are available from historical
records on design, construction, performance,
traffic, maintenance, and climate; and

5. Data that can be computed or estimated based
on the above types of data.

Available time and resources will not generally
be sufficient to collect all desired data. However,
this process will reveal the major deficiencies and
limitations in the models by pointing out the
variables that are not included in the model. A
practical assessment of which variables can be
collected must be made. The question that should be
continually asked is, How will the deletion of this
variable 1limit the wusefulness of the model?
Sometimes, when the direct measurement of a variable
is not feasible, another variable that correlates
highly with the other variable can be included.

One way to assess the scope of the model is to
categorize the variables included under major topics
that are known to affect performance, such as layer
material properties, subgrade characterization,
layer geometry, climate, traffic, jointing,
construction (e.g., quality control), maintenance,
and drainage. If each of these general topics is
adequately represented by one or more variables,
then the model should contain most of the important
variables known to affect performance.

Mechanistic variables that can be computed by
using various pavement structural programs (e.g.,
elastic layer, finite element) can add significantly
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to the reliability and utility of the prediction
model. For example, in the development of predic-
tion models for asphalt pavements, the strain and
stress in various layers could be computed for a
given load and temperature and used as a variable in
regression. The ratio of tensile stress to strength
of the concrete slab can lead to a much improved
model.

Variable Selection

The selection of the best regression model to fit a
given sample of data requires extensive knowledge
about (a) the problem at hand and the measured data
and (b) a regression analysis program. Several
statistical procedures exist for selecting variables
in regression. Several methods are discussed and
compared by Draper and Smith (11). The stepwise
regression procedure that employs the least-squares
method is believed to give the best selection of
independent variables. As explained in Draper and
Smith (1ll), the stepwise regression procedure starts
with the simple correlation matrix and enters into
regression the independent variable (X) most highly
correlated with the dependent variable (Y) (e.g.,
PSI, distress). By using partial correlation
coefficients, it then selects (as the next variable
to enter regression) that X variable whose partial
correlation with the response Y is highest and so
on. The procedure reexamines "at every stage of the
regression the variables incorporated into the model
in previous stages" (11). The procedure does this
by testing every variable at each stage as if it
entered last and by checking its contribution by
means of the partial F test. The process is stopped
when essentially no additional variable signifi-
cantly improves the precision of the model.

A few excellent computerized statistical-analysis
packages are available. One of the most well-docu-
mented packages and easiest to use for regression
and many other analyses is the Statistical Package
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pared to permit visual examination of the relation
ships. Also, the physical nature of the problem ma
suggest an underlying relationship between Y anz
X;.

i

2. Find a nonlinear functional form through tpe
use of polynomial regression. The form of the mode)]
is

Y=agta X+a,X2 + . ta,X" o)

The number of curves in the regression line dependsg
on the degree of the polynomial (or highest eXponent
of X). The number of curves is always one less than
the degree of the model.

3. Introduce interaction
additional variables.

(or product) terms as

The assumption in linear regression is that the
effect of an Xj variable on Y is the same across
all values of other X's. This means, for example,
that the effect of asphalt surface thickness on the
occurrence of alligator cracking is the same
regardless of the level of other variables such ag
traffic, climate, or subgrade. If, however, the
effect of asphalt surface thickness on the
occurrence of alligator cracking is much different
depending on whether the pavement is located in a
warm or a cold climate, then an interaction exists
between surface thickness and climate. The usual
method of handling the problem of interaction is to
use product terms of the two or more variables that
interact (e.g., XjXp). Thus, a new variable
XXy is created that is a function of both X
and X,. The resulting equation is then

Y=ag+a;X; +a3Xa ta3Xi Xa (3)

This model includes the additive effect of X; and
Xy and the interaction term XX, which
represents the combined effect of Xj; and X, over
and above the sum of ajX; and  ajXj. When
more X's are involved, more interactive terms should

for the Social Sciences (SPSS) (12).
be studied.

| IR BN

FUNCTIONAL FORM OF MODEL

Nt ey

EETERRT T

The functional form of the model, or the way in
which the variables are arranged, has a great effect
on its reliability. The functional form must be
established through careful thought about the actual
relationships between the variables and the plotting
of available data (Y versus all X's). The func-
tional form cannot be left to the computer to estab-
lish; the researcher must be thoroughly familiar
with the data. The reliability of the functional
form of the predictive model can be assessed through
considering the linearity and additivity of the
variables, the boundary conditions, and a sensi-
tivity analysis.

Linearity and Additivity of Variables

Basic linear regression requires that the relation-
ships among the variables are linear and additive as
shown by Equation 1. Thus, the relationship between
Y and X; is assumed to be linear and the combined
effects of the X's are additive. These assumptions
are not generally true for pavement variables.
There are, however, methods to handle nonlinear and
nonadditive relationships. The three most-often-
used methods are briefly described:

1. Transform the original variable so that the
new relationship is 1linear. For example, if the

relationship between Y and Xj is curvilinear, the
relationship between 1log Xj; and log Y
linear.

may be
Plots of all X's versus Y should be pre-

Boundary Conditions

The model should meet the boundary conditions that
the physical situation requires. For example, when
traffic-load-associated distress is being predicted,
the distress prediction should be zero when no
traffic loads have been applied. If PSI is
predicted, the model should be capable of computing
realistic values at the beginning and end of the
pavement's life cycle.

Sensitivity Analysis

A sensitivity analysis shows the relative influence
of changes in the independent variables on the
dependent variable. The influence of the dependent
variable (e.g., PSI or distress) can then be
compared with experience or available data to see
whether it is realistic. The sensitivity analysis
can be conducted in various ways on the prediction
model, but it should (a) be limited to the range of
the variables used to derive the model and (b)
consider the interrelationship of the variables. It
should be noted that the least-squares regression
coefficients are adjusted for other variables in the
model. When the X variables are highly correlateds
the individual coefficients do not provide an inde-
pendent assessment of the effect of the variable of
performance. Thus, it would be incorrect to vary
only one variable (X) at a time to determine its in”
fluence on the performance (Y). A sensitivity
analysis can be conducted in this case by varyind
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all correlated variables in a reasonable way and
noting their influence on performance.

The sensitivity analysis should be able to
provide information to determine the general
intluence of the variables on performance,

sarticularly the sign of the coefficient (+ or -);
t . . - :
establish the relative importance of the variables;

and determine deficiencies in the model.
STATISTICAL CRITERIA
statistical Inference

statistical criteria can be used to assess the
pteCiSiOl’l of the estimated regression model.
Initially, the form of the mathematical model must
pe assumed (such as Equation 1) based on the best
judgment of the engineer. Then, after it is
derived, it must be critically examined to either
verify or reject the assumption. Two commonly used
testing procedures are (a) the overall test for
goodness of fit of the regression model and (b) the
test for a specific regression coefficient.
However, the residuals, as indicated by the standard
error of the estimate, provide a direct indication
of the precision of the model. It must be noted

that, no matter how well the model fits the
experimental data, if the data base 1is deficient,
the model will also be deficient. Thus, the

statistical tests relate only to the specific data
used in the model's development. Another point is
that the data base represents a sample of the
population of all data, and thus the regression
model developed from the data-base sample is only an
estimate or inference of the true regression model
that would be obtained if all possible data were
used.

Error of Prediction

whenever experimental data are used to develop a re-
gression model, there will be a scatter of data
about the 1line, as illustrated in Figure 3. The
actual data points are given as (X3, Yj3), (X2,
Y;), etc. The X's represent the independent vari-
able (e.g., slab thickness) and the Y's are the de-
pendent variable (e.g., PSI or distress). A regres-
sion model of the form

Y=uyta; X (4)

is fitted to the data by using the least-squares
technique. For a given value of X, say X, there
is a difference between the actual value Y; and
the predicted value ‘}1 obtained from Equation 2.
This difference is called a residual or error in
Prediction: Residual = ¥Y; - ii' The resid-
uals contain all available information on the ways
in which the regression model fails to explain the
measured Y.

i In developing a regression model from an
in-service pavement data base, the variation about

the regression line is caused by the following
sources:
1. Test-equipment or observation-measurement

fepeatability errors (called testing errors),
2. Differences between the performance of sup-

Pcsec?ly identical pavement sections (called
feplicate errors), and
3. Model errors caused by the model having

€lther an inadequate number of variables or an in-
Correct functional combination of variables.

Sources 1 and 2 of the total variation are called
Pure error, and source 3 is called lack-of-fit er-
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ror. The pure error can be computed only if the
data bank contains replicate projects having identi-
cal X values (e.g., structure, age, traffic, and
climate). Any difference between replicate projects
is assumed to be the result of random variation.
Thus, when data collection is planned, it is impor-
tant to obtain several replicate projects. Once the
pure error is calculated, the degree of lack-of-fit
error can be assessed, as shown in Figure 4.
The total residual sum of squares is computed as

SSres = Z(Y; - Y))? (5)

It is composed of the pure-error sum of squares and
the lack-of-fit sum of squares:

SS1es = SSpe + SSiof (©)

If the mean squares attributable to pure error and
lack of fit are computed, they can be compared, as
shown in Figure 4. If they are significantly
different, then the proposed regression model
suffers from lack of fit and is inadequate, and a
new model should be developed. If not, there is no
reason to doubt the adequacy of the regression model
(based on available data).

The standard error of the estimate (SEE) is com-
puted as

(7)

The magnitude of the SEE is simply the standard

deviation of the residuals and may be interpreted

approximately as the "average error in predicting Y
from the regression model"” (12). The size of the
SEE can be compared with the mean of all Y's.
Ideally, the SEE should be much smaller than the
mean of all Y's. .

The residuals (Y - ¥Y5) should be carefully
examined. Various plots can be prepared, such as
(a) overall plot of residuals, (b) time sequence if
order is known or meaningful, (c) plot against the
calculated ¥ values, (d) plot against the
independent X variables, and (e) any way that makes
sense for the model under evaluation (11).

Multiple Correlation Coefficient (R?)

The overall accuracy of the regression model can be
assessed by the multiple correlation, R%. The
total sum of squares in Y (which represents the
overall variation of the performance variable Y)
consists of two parts:

SSy = SSreg *+ SSres (8)
where
ssy = 10t - D7,
SSpeg = I(Y - ¥)?, and
SSpes = I(Y - ¥)2.

If these sources of variations are used, a natural

measure of prediction accuracy 1is obtained, as

follows:

R?=SS, - SS;os/SSy = SSreg/SSy 9)
Thus, the R? represents the proportion of the

total variation in Y explained by the regression

model. The closer that R? is to 1.0, the closer

the data cases lie on the predicted line, and the

closer to 0.0, the greater the scatter of data about

the line.
A statistical test can be employed to test the

null hypothesis that the R’ is

zero. This would
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indicate that there is no significant relationship pecause of the large variations and many unkn 3
petween any of the X variables and the Y performance factors that affect performance. ! t
variable. It is equivalent t<? f:he null hypothesis Regression Coefficients {
that all a; regression coefficients are equal to
zero. Thus, if the nu.ll' hypothesis is rejected, one The regression coefficients (aj) represent the ey. ;
_ or more of the coefficients has an absolute va]:ue pected change in Y with a change in one unit in one i
gr?ater than zer.o. The test does not determine X variable when all other X's are held constant. ln
which aj value is nonzero. Thus, fu.rt‘her tests the stepwise regression technique, the coefficie
are made on the regression coefficients, as nt

of each variable is tested as it enters the equation
to see whether it differs significantly from zero,
This test can be used (and normally is) as a crite-
rion to decide whether or not to enter a given varj-
able into the regression model. If the null hypoth-
esis of aj = 0 cannot be rejected, then it can pe
concluded that the X variable does not significantly
affect the Y variable, and it should not be alloweq
in the regression model.

In summary, the model should meet the followinq
statistical criteria:

explained later. The value of R? that is
statistically significant at some level of
significance varies greatly as the number of data
cases used to develop the equation changes. The
larger the data bank, the lower the R? needed to
reject the null hypothesis (and thus accept the
alternative hypothesis that correlation exists).
Regression analysis with in-service pavements
typically produces relatively low R? values

Figure 3. lIlustrationoftypicalscatlerofdataabou\aIinearregressionline. 1. The final model should explain a  high
percentage of the total variation about regression
(or R?) to indicate the overall model accuracy;

2. The standard error of the estimate of the
model should be less than a specified practical
value (e.g., < 0.20 of the mean) ;

3. The model should not suffer from significant
lack of fit;

4. Bll estimated coefficients of the X variables
should be statistically significant with, say,

(S8}
—J
=] a < 0.05; and
é:c 5. There should be no discernible patterns in :
- the residuals. ¢
—
=
(o)
= CONCLUS IONS
a
e = .
L . The development of and requirements for reliable
:: 1.‘:, - models for the prediction of pavement peformance are
presented. :
V- ?
-SE 1. An adequate data base from which to build the
5-3;;2 model is most important. Adequacy is defined in
i) : : .
:—212‘ terms of having a representative unbiased sample of
e ;2 projects, reliable and accurate data, and a suffi-

cient number of data cases that include some repli-
cates.

2. The model must include all variables that
have significant influence on the performance. 1f

Figure 4. Draper and Smith’s
determination (11) of model lack of ESTIMATES 02
fit.

PURE ERROR SS LEADS TO Si

FROM REPLICATE DATA, » MEAN SQUARE

Ne d.f. DUE TO PURE ERROR <

X - INDEPENDENT VARIABLE

RESIDUAL SS COMPARE
n. d.f. THESE
LACK-OF-FIT SS LEADS TO MEAN SQUARE 4——J
OBTAINED BY SUBTRACTION » DUE TO
ne = Ne d.f. LACK-OF-FIT <
2
ESTIMATES o
2 ) ) IF MODEL IS CORRECT,
Note: o° = variance about regression for true model . 02 + BIAS TERM

- IF MODEL INADEQUATE
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it does not, the limitations of the models should be
jdentified. Mechanistic variables such as stress,
strain, or stress—and-strength ratio should be con-
sidered, since this may greatly increase the reli-
ability of the model. The stepwise regression
procedure is believed to give the best selection of
independent variables.

3. The functional form of the model should be
carefully selected to represent the physical real-
world situation as closely as possible. This will
jead to a model that considers the appropriate
shape, nonlinearity, and interactions of variables;
meets boundary conditions; and also gives reasonable
sensitivity of the variables. Such selection re-
quires extensive knowledge of the problem and the
available data.

4. Vvarious statistical criteria should be used
to assess the precision of the model. The model
should explain a high percentage of the total varia-
tion about regression; the standard error should be
jess than a practical value for usefulness; there
should be no discernible patterns in the residuals;
the model should not suffer from significant lack of
fit; and all estimated coefficients should be sig-
nificant with, say, a < 0.05. Detailed explana-
tion of regression-model development and testing may
pbe found in the literature (11-15) .

5. Significant progress can be made in pavement
technology if agencies will begin the development of
in-service pavement data bases from which reliable
predictive models can be developed and used for
pavement management purposes.
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Characterization of Bitumen-Treated Sand for Desert

Road Construction

GURDEV SINGH AND SHAFIQ KHALIL HAMDANI

This paper summarizes the findings of an experimental program designed to
Permit evaluation of the accumulation of permanent deformation in bitumen-
l'e.ated sand layers by applying the more rational methods of pavement anal-
Ysis and design. The primary part of the work consists of the characterization
of the cumulative deformation response of bitumen-sand specimens tested un-
der simulated conditions of temperature and dynamic stress. Results have

been analyzed by using multiple regression analysis, and predictive relation-
ships of rut depth are formulated therefrom.

The developing economies of many countries in the
Middle East have resulted in an increasing demand




