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Abstract

The Multinomial Logit Model is one of the most used Discrete Choice 
Models and it has been widely used to study the transportation system. This 
model has a closed form and so it is computationally cheap, but it needs some 
restrictive assumptions. The Independence from Irrelevant Alternatives (IIA) 
property for example, is not always respected and the tests used to verify it can 
lead to opposed results almost when there is multicollinearity between expli-
cative variables. Furthermore, the presence of multicollinearity can generate 
problems in the parameter estimation. In this paper we study the effects of the 
multicollinearity on the results of the IIA tests and we propose a new method 
to estimate the parameters of the multinomial logit model. The data used for 
the analysis concern the choice of the residence in the Zurich area.

JEL cLassification: C25; C51

KEywords: Discrete choice; Multinomial Logit; Principal Compo-
nent Analysis; Multicollinearity

    

1. Introduction 

Urban mobility is a vital component of any city, often influencing its 
physical shape as well as its level of economic and social development. 
However the governance of urban mobility is very complex since it is 

G. & L. E. R., Vol. 13 No. 2, 2009

Antonio Lucadamo*, Luigi D’Ambra, Francesca Pagliara

MULTINOMIAL LOGIT MODELS: MULTICOLLINEARITY AND 
ITS CONSEqUENCES ON PARAMETER ESTIMATION AND ON 
INDEPENDENCE FROM IRRELEVANT ALTERNATIVES TESTS



�26

the result of the interactions of several elements, i.e. of the functioning 
of a socio-technical complex system (Cascetta et al., 2008).

More specifically, a transportation system can be defined as the 
combination of elements and their interactions, which produce the 
demand for travel within a given area and the supply of transportation 
services to satisfy this demand. This definition is general and flexible 
enough to be applied to different contexts. The specific structure of the 
system is defined by the problem itself (or class of problems) for whose 
solution it is system employed.

almost all of the components of a social and economic in a given 
geographical area interact with different levels of intensity. However, it 
is practically impossible to take into account every interacting element 
to solve a transportation engineering problem. The typical system engi-
neering approach is to isolate those elements, which are most relevant to 
the problem. These elements, and the relationships among them, make 
up the analysis system (Cascetta, 2009). The remaining elements belong 
to the external environment and are taken into account only in terms 
of their interactions with the analysis system. In general, the analysis 
system includes the elements and the interactions that are expected to 
be significantly affected by the projects under consideration. It follows 
that there is a strict interdependence between the identification of the analysis 
system and the problem to be solved. The transportation system of a given 
area can also be seen as a sub-system of a wider territorial system with 
which it strongly interacts. The extent to which these interactions are 
included in the analysis system, or else in the external environment, 
depends on the specific problem (Manheim, �979).

The transportation system can be split into two main components: 
demand and supply.

The distribution of households and activities in the area is the deter-
minant of transportation demand deriving from the need to use different 
urban functions in different places. Household members are the users 
of the transportation supply system and make “mobility choices” (hold-
ing a driving license, number of cars, etc.) and “travel choices” (trip 
frequency, time, destination, mode, path, etc.) in order to undertake 
activities (work, study, shopping, etc.) in different locations. The result 
of these choices is the transportation demand; i.e. the number of trips 

Multinomial logit models: multicollinearity and its...
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made among the different zones of the city, for different purposes, in 
different periods, by means of the different available transportation 
modes. Similarly, economic activities transport goods that are consumed 
by the households or by other economic activities. Goods movements 
make up the freight transportation demand.

Both mobility and travel choices are influenced by some characteris-
tics of the transportation services offered by the different travel modes 
(individual car, transit, walking). These characteristics are known as 
level-of-service or performance attributes and include travel times, 
monetary costs, service reliability, riding comfort, etc. Thus, the choice 
of destination may be influenced by the travel time and cost needed 
to reach each destination. The choice of departure time depends on 
the travel time to the destination. The choice of transportation mode is 
influenced by times, costs, reliability of the available modes.

The characteristics of transportation services depend on the transpor-
tation supply, i.e., the set of facilities (roads, parking spaces, railway lines, 
etc.), services (transit lines and timetables), regulations (road circulation 
and parking regulations), and prices (transit fares, parking prices, road 
tolls, etc.) producing travel opportunities. The physical elements of the 
transportation supply system have a finite capacity; i.e. a maximum 
number of users that can be served in a given time interval.

Individual trips can be aggregated into users flows, i.e. the number 
of users on the physical elements of the supply system in a given time 
interval. Examples are automobile and truck flows on road sections, 
passenger flows on transit lines, and so on.

When flow approaches capacity, the interactions among users in-
crease and congestion effects are triggered. Congestion can significantly 
deteriorate the performances of transportation services for the users, 
e.g. travel times, service delays, fuel consumptions all increase with 
congestion. Congestion can also have other “external” negative effects 
(such as noise, air pollution and visual impacts in the case of road traf-
fic). Congestion can have cross-modal effects; e.g. road congestion can 
influence the performances of surface transit services.

Lucadamo A., D’Ambra  L., Pagliara F. G. & L. E. R. Vol. 13 No 2 (2009), 125-145
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2. Modeling transportation systems

The relevant interactions among the various elements of a 
transportation system can be simulated with mathematical models; the 
models and their relationships are described in Fig. � (Cascetta, 2009).

Supply models simulate the transportation services available among 
the different zones with flow network models. More specifically, supply 
models simulate the performance of transportation infrastructures and 
services for the users, as well as the main external effects of transport 
(pollution, energy consumption, accidents). The level-of-service attri-
butes, such as travel time and cost, will be input variables for the demand 
models. To simulate the performance of single elements (facilities) and 
the effects of congestion, especially for road systems, supply models use 
the results of traffic flow theory (Sheffi, �985). For the transit system the 
hyper path approach is generally considered.  

Demand models simulate the relevant aspects of travel demand as a 
function of the activity system and of the supply performances. Typi-
cally, the characteristics of travel demand simulated include the number 
of trips in the reference period (demand level) and their distribution 
among the different zones, the different transport modes, and the differ-
ent paths. Other components of travel demand are simulated in specific 
applications such as the distribution between different time intervals 
within the reference period. Travel demand models are usually derived 
from random utility theory.

Assignment models (or network demand-supply interaction models) 
simulate how O-D demand and path flows load the various elements 
of the supply system. assignment models allow the calculation of 
link flows, i.e. the number of users loading each link of the network 
representing the transportation supply in the reference period 
(Ortuzar and Willumsen, 200�).  Furthermore, link flows may affect the 
transportation supply performances through congestion and therefore 
may affect the input to demand models. The mutual interdependencies 
of demand, flows and costs are simulated by assignment models. 

Multinomial logit models: multicollinearity and its...
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In this paper the focus is on demand models. 

2.1 The random utility theory for modeling transportation users’ 
behaviour 

Random utility theory is based on the hypothesis that every 
individual is a rational decision-maker, maximizing utility relative 
to his/her choices. Specifically, the theory is based on the following 
assumptions:

a. the generic decision-maker i, in making a choice, considers mi mutually 
exclusive alternatives that constitute his/her choice set C. The choice 
set may differ according to the decision-maker (for example, in the 
choice of transport mode, the choice set of an individual without a 
driver’s license or car obviously does not include the alternative “car 
as a driver”);

b. decision-maker i assigns to each alternative c in his/her choice set 
a perceived utility or “attractiveness” Uic and selects the alternative 
that maximizes this utility;

c. the utility assigned to each choice alternative depends on a number of 
measurable characteristics, or attributes, of the alternative itself and of 

Lucadamo A., D’Ambra  L., Pagliara F. G. & L. E. R. Vol. 13 No 2 (2009), 125-145



�30

the decision-maker: Uic = Uic(Xic), where Xic is the vector of attributes 
relative to alternative c and to decision-maker i;

d. because of various factors that will be described later, the utility as-
signed by decision-maker i to alternative c is not known with certainty 
by an external observer (analyst) wishing to model the decision-
maker’s choice behavior, so Uic must be represented in general by a 
random variable. 

From the above assumptions, it is not usually possible to predict 
with certainty the alternative that the generic decision-maker will select. 
However, it is possible to express the probability that the decision-maker 
will select alternative c conditional on his/her choice set C; this is the 
probability that the perceived utility of alternative c is greater than that 
of all the other available alternatives:

]CbcbUU[Pr]Cc[p ibici �̧�‚�Í>= ,   
                           

(�)

The perceived utility Uic can be expressed as the sum of two terms: 
a systematic utility and a random residual. The systematic utility Vic 
represents the mean (expected value) utility perceived by all decision-
makers having the same choice context (alternatives and attributes) as 
decision-maker i. The random residual εic is the (unknown) deviation 
of the utility perceived by user i from this mean value; it captures the 
combined effects of the various factors that introduce uncertainty into 
choice modeling:

CcåVU icicic �̧�Í+=                                         (2)

The probability of choosing an alternative depends on the systematic 
utilities of all competing (available) alternatives, and on the joint prob-
ability law of the random residuals icε . It follows:

 ],[)|( CbcbVVPrCcp ibibicici ∈≠∀+>+= εε   (3)
                

   Systematic utility is expressed as a function Vic(Xic) 
of attributes Xic 

relative to the alternatives and the decision-maker. although in prin-

Multinomial logit models: multicollinearity and its...
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ciple the function Vic(Xic) 
may be of any type, it is usually assumed for 

analytical and statistical convenience that the systematic utility Vic is a 
linear function, with coefficients β, of the attributes Xic or of functional 
transformations of them:

icXX T)( β=icicV
                                            (4)

3. The Multinomial Logit Model 

as shown in the previous section, the probability that any element 
c in C is chosen by the decision maker i can be expressed according to 
the equation (3).  

any particular multinomial choice model can be derived using the 
previous equation given specific assumptions on the joint distribution 
of the disturbances. It can be shown, as in Domencich and McFadden 
(�975), that if the error terms are: 
• Independently distributed;
• Identically distributed;
• Gumbel distributed with a location parameter η  and a scale parameter 

0≥µ ; 

then the probability that alternative c will be chosen is 

∑
∈

=

Cb
ib

ic
i V

V
Ccp

)exp(
)exp(

)|(
µ

µ
                   (5)

If we consider that the utility is linear in parameters and we fix the 
scale parameter to �, we can write:

∑
∈

=

Cb
jbij

jcij
i x

x
Ccp

)exp(
)exp(

)|(
β

β
                   (6)

where C is the choice set of alternatives, ijx are the values that the 
individual i assumes for the variable j and β are the parameters to be 
estimated (Ben-akiva & lerman, �985).  

The logit model has some special properties that under certain cir-
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cumstances greatly simplify estimation of the parameters. Most of these 
theories can be addressed to McFadden (�974).  The technique generally 
used to estimate a logit model is the Maximum likelihood and for pa-or pa-
rameter estimation it is necessary to use some iterative algorithm. One 
of the most used is the Newton-Raphson algorithm that considers the 
first and second derivatives of the previous equation. 

The first derivative is also called gradient vector and it is given by 

[ ]∑ −=
∂

∂=
n

i
icici

c

PyxLg ')(log
β

β
                   (7)(7)

                              

The second derivative, or Hessian matrix is: 

[ ]∑ −−=
∂∂

∂=
n

i
iiiqcqiq

qc

xxPPLH ')(log
'

2

δ
ββ

β
    (8)(8)

or in matrix form: 
                                                                  

XZXH cq
'−=                     (9)

Where cqZ  is a diagonal matrix with generic term [ ]iccqiq PP −δ , 
1=cqδ  if q=c and 0=cqδ otherwise. 

The parameter estimate according to Newton-Raphson is then: 

   ( ) gHtt 11 −+ −= ββ                   (�0)

It’s important to consider the Hessian matrix, because its inversion 
could lead some problems in the estimation of the Multinomial logit 
Model (D’ambra, 2008). 

4. Logit properties

One of the most discussed aspects of the multinomial logit is the 
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Independece from Irrelevant alternatives property (IIa). This property 
states that for any two alternatives c and d the ratio of the logit prob-
abilities 

   
( )
( ) ( )idic

id

ic

i

i VV
V
V

dP
cP

−== exp
exp
exp

)(
)(

                  (��)

does not depend on any alternatives other than c and d. Therefore 
the relative odds of choosing c over d are the same no matter what other 
alternatives are available or what the attributes of the other alternatives 
are. Since the ratio is independent from alternative other than c and d, it 
is said to be Independent from Irrelevant alternatives. This assumption 
is realistic in some choice situation, but sometimes it can be clearly inap-
propriate. One of the classical example is the famous red-bus blue-bus 
problem, but there are many other situation in which the IIa assump-
tion is not respected. 

In this context we must search for a better model specification:

• Finding alternatives with missing or mis-specified variables;
• Point toward an acceptable nested logit structure.

 
To verify if the IIa property holds many tests exist. We can divide 

them in two groups: 

• Estimate a model with a subset of the choice set. Reject IIa if the 
parameter estimates differ from the full choice set estimates. 

�) Hausman and McFadden (�984)
2) McFadden, Tye and Train (�976)
3) Small-Hsiao (�985) 

• Implement a lagrange multiplier test of IIa with the full set of alter-
natives. 

�) McFadden test (�987)
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4.1 Estimating model with choice subsets

If we suppose IIa holds, then: 

∑
∈

=

Cb
jbij

jcij
i x

x
Ccp

)exp(
)exp(

)|(
β

β
                (�2)

and 

∑
∈

=⊆
~

)exp(
)exp(

)|(
~

Cb

jbib

jcic
i x

x
CCcp

β
β

               (�3)

where 
~
C  is a subset of the full set of alternatives. It should provide 

similar estimates, since under IIa, exclusion of alternatives does not af-
fect the consistency of estimators. as it was said, it is possible to use: 

• Hausman-McFadden test (HM). 

We have to build the following statistic: 






 −





Σ−Σ





 −

−

CCCC
CC

^^
1'^^

~

^
~

^

~ ββββ
ββ

                (�4)

That is asymptotically 2χ distributed with 
~
C  degrees of freedom, 

where 
~
C is the number of elements in the subvector of coefficients that 

is identifiable from the restricted choice set model. So the null hypothesis 
that IIa holds is rejected if the value that comes from the equation �4 is 
bigger than the tabulated value of 2χ . 
•   McFadden, Tye and Train test (MTT). 
In this case it’s possible to build an approximate likelihood ratio test 
statistic with 

~
C  degrees of freedom:

 










−





−

^^

~~~2
CC

C
C

ll ββ where the two log likelihood values are calcu-

lated on the estimation sample for the restricted choice set model. This 
statistic is not a proper likelihood ratio test because

^

Cβ is not a vector of 
constants. For this reason we can consider the following correction: 
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• Small and Hsiao (SH). To remove the bias they proposed to use: 
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ββ
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               (�5)

Where C is the number of observations in the unrestricted choice 
set estimation, 1C is the number of observations in the restricted choice 
set estimation ( CC <1 ) since those observations with chosen alterna-
tives not in the restricted choice set are omitted, and 1≥α  is a scalar. 
asymptotically this corrected likelihood ratio statistic actually is 2χ  
distributed with 

~
C  degrees of freedom. Sometimes the assumption 

made by this correction that a scalar difference between the covariance 
matrices exists is not defensible, so it was proposed an exact test for the 
IIa assumption. To perform the test Small and Hsiao randomly divided 
the full estimation data set into two parts, denoted a and B. On sample 
a, using the restricted choice sets, they estimated β̂A

C, the subvector of 
coefficients corresponding to the parameters that are identifiable when 
the restricted set of alternatives are used; next, on sample B, using 
the restricted choice set, they estimated β̂B

C and the corresponding log 
likelihood, 




 ^

~
B

C
B

C
l β , finally again on sample B, but now based on the 

unrestricted choice sets, they obtained β̂B
C. They showed that if we form 

the following convex combination: 

( ) ( ) ^^^

2/112/1 B
C

A
C

AB
C βββ −+=                 (�6)

and use it to evaluate the log likelihood of the sample B with 

the restricted choice set, denoted as 
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Cl β , then the statistic 














−




−
^^

~~2 B
C

B

C

AB
C

B

C
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~
C  de-

grees of freedom, 
~
C  being the common dimension of the 
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,,, ~
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C
B

C

B
C

A
C ββββ  

parameter vectors. This test is more computationally and time-consum-
ing. Generally it’s better if the simpler corrected approximate likelihood 
ratio test is carried out first, and then, only if its underlying assumption 
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is violated, should the exact test procedure be used.

4.2 Lagrange multiplier test of IIA

This test checks if cross-alternative variables enter the model. If so, 
IIa assumption is violated. The test is composed of 3 steps: 

• Step 1: We estimate the systematic utilities 
^

icV  and fitted choice 
probabilities )|(

^
Ccpi  using all N observations: 

^^
' CcxV icic ∈∀= β ;  

∑
∈

=

Cb
jbij

jcij
i

x

x
CcP

)exp(

)exp(
)|( ^

^
^

β

β
. 

• Step 2: For a given CA ⊂ we calculate auxiliary variables in the 
following way: 
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Since Z is non zero only for the alternatives in the set a, it contains 
information regarding the other alternatives in A . The spirit of the 
proposed test is to verify the presence of cross alternative variables. 

• Step 3: We can now estimate: 

∑
∈
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The hypotheses are the following: 

0:0 =AH υ
0:1 ≠AH υ

Aυ  is distributed as a 2χ . 
If we reject 0H we reject the IIa assumption. If 0H is not rejected nest 

a is considered to satisfy IIa. 

5.  Multicollinearity

Both in linear regression model and in logistic regression model a 
very desirable condition is that  there is no multicollinearity among the 
regressors. The term multicollinearity is due to Ragnar Frisch (�934). 
Originally it meant the existence of a exact linear relationship among 
some or all explanatory variables of a regression model. For p-variables 
regression involving explanatory variables  x0 , x� , x2 , ... , xp (where 10 =x  
for all observations to allow for the intercept term), an exact linear rela-
tionship is said to exist if the following condition is satisfied:

0221100 =++++ ppaaaa xxxx L                (20)

where a0, a�, a2, ..., ap are constants such that not all of them are zero 
simultaneously. The chances of one’s obtaining a sample of values 
where the regressors are related in this fashion are indeed very small, 
in practise except when the number of observations is smaller than the 
number of regressors, so today the term multicollinearity is used in a 
broader sense to include the case of perfect multicollinearity, as shown 
by the previous formula as well as the case where the x  variables are 
intercorrelated but not perfectly so, as follows:

0221100 =+++++ ipp vaaaa xxxx L                (2�)

where iv is a stochastic error term.
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5.1   Multicollinearity and its links with test to identify the IIA prop-
erty

The presence of multicollinearity in the regressor matrix can lead to 
different results if we compute the tests to detect if the IIa property is 
respected or not. Cheng and long (2007) showed in fact how the degree 
of collinearity, the choice of the category that is deleted in the restricted 
estimation and the sample sizes can change the properties of the tests. 
They run simulations for sample sizes of �50, 250, 350, 500, �000 and 
2000. The simulations involved the following steps: 

• Draw a random sample size of N with replacement from the popula-
tion. 

• For this sample, estimate the Multinomial logit Model for a data set 
with three predictors and the outcome variable with three catego-
ries. 

• Using estimates from the previous step, compute three variations of 
the Hausman-McFadden test and of the Small-Hsiao test, excluding 
the first category for the restricted estimation, then the second and 
at least the third. 

These steps were repeated 500 times for each sample size in each 
data set. To determine the empirical size for each test, they computed 
the percentage of times that each test rejected the null hypothesis that 
IIa held in the population at the 0,05 level of significance. 

Fig. 2 shows the percentage of times the HM test rejected the null 
hypothesis of no violation of the IIa assumption using the 0,05 level. 
There are the graphs relative to three degrees of collinearity and with 
the elimination of one of the 3 categories for the outcome variables.  
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The results illustrate that the HM test does not reliably converge to its 
appropriate size even when the sample is 2000. Second, the properties of 
the test depend on which outcome category is deleted in the restricted 
estimation. In this case the degree of collinearity doesn’t seem to have a 
particular influence on the results. But if we consider the Fig. 3 we can 
see that there are some differences. 

It is possible in fact to note that the SH test approximates its nominal 
size as the sample increases to 500 or �000. The magnitude of departures 
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from the nominal size and the sample size at which these distortions are 
largely removed depends on the degree of collinearity in the data. For 
example, with high collinearity, the size properties are quite poor with 
samples smaller than 500 and require a sample of at least �000 before 
they are nearly eliminated. 

The previous results show that tests of the IIa assumption that are 
based on the estimation of a restricted choice set are unsatisfactory for 
applied work. The Hausman-McFadden test shows substantial size 
distortion that is unaffected by sample size in the simulations. The Small-
Hsiao test has reasonable size properties in some data sets but has severe 
size distortion even in large samples when there is collinearity in the 
regressors. For this reason it’s important to be careful when a researcher 
wants to test the IIa assumption and it’s important to consider not only 
the results of the tests, but the structure of the data too.  

5.2   Multicollinearity and parameter estimation

as previously stated the presence of multicollinearity may indicate 
that some explanatory variables are linear combinations of the other 
ones. When this situation exists the logistic model estimations become 
unstable. To solve this problem in the binary case Marx (�992) introduced 
iteratively reweighted partial least squares algorithm, Bastien et al 
(2005) proposed partial least squares logit regression, aguilera et al 
(2006) presented Principal Component logistic Regression (PClR), 
Vágó and Kemény (2006) developed the ridge logistic regression. a 
method to provide an accurate estimation of the model parameters in 
Multinomial logit Model has instead been proposed by Camminatiello 
and lucadamo (2008). They introduced in fact an extension of PClR 
model, called Principal Component Multinomial Regression (PCMR). 
They proposed to use as covariates of the multinomial model a reduced 
number of Principal Components (PC) of the predictor variables. 

PCMR creates at first step the PC’s of the regressors as linear 
combination of the original variables Z = XV, where X = [x1, x2, ..., xp] 
is the set of p quantitative independent variables and V =  [v1, v2, ..., vp] 
matrix., built by the eigenvectors of the correlation matrix R, whose 
elements are the correlation coefficients among the regressors. at 
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second step the multinomial model is carried out on the subset of p 
PC’s. The probability for the individual i, to choose the alternative c 
can be expressed in terms of all PC’s as
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where ),,1;,,1(, pgnizik KK ==  are the elements of the PC 
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),,1(, Kβγ  are the coefficients to be estimated, jbβ  

are the parameters expressed in function of original variables and s 
is the number of alternatives of the data set. 

at third step only some of the components are chosen and the 
multinomial logit model is carried out only on this subset and finally 
the multinomial model parameters can be expressed in function of 
original variables: )()()( aaa ãVâ = . The problem is to decide whichto decide which 
components to retain in the analysis. One way is to choose only the 
components that have an eigenvalue bigger than one, that is one of the 
criteria used in Principal Component analysis, but in this way we don’t 
take in consideration the relation with the dependent variable. For this 
reason, the proposal is to use only the components that influence in 
statistical significant manner the response variable, without taking in 
account the eigenvalue. 

The authors showed, via a bootstrap resampling, that this leads to 
lower variance estimates of model parameters comparing to classical 
multinomial model. The data they used for the analysis concern the 
choice of the residence in the Zurich area (Burgle, 2006) and the analysis 
are carried out by BIOGEME (Bierlaire, 2003). For this analysis they 
showed what’s happen about the bootstrap estimate of variance of the 
estimated parameters. The results are reported in table � and they  are 
relative only to the variables that are significant on the original dataset.  
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In the first column there are the names of the variables, in the 
second column there are the coefficient values, then, from the third to 
the fifth column, the variances of the estimated parameters, calculated 
for different datasets: the original matrix; the six PC’s with eigenvalue 
bigger than one; the two components that are significant to explain 
the dependent variable. It is easy to observe that the variance of the 
estimated parameters computed on the original variables, is always 
bigger than the estimated variance calculated using the PCMR and 
that lower variance estimates of model parameters (last column) are 
obtained retaining in the model only the significant components. 

6. Conclusions and further perspectives

Transport planning, infrastructure project evaluation and policy mak-
ing, particularly at the urban level, continue to be important issues in the 
2�st century. Transport modelling requires mathematical techniques in 
order to make predictions, which can then be utilised in planning and 
design. This is the basis for improved decision-making and planning 
in the transport arena.

This paper has focused on some of the issues connecting with discrete 
choice models, which are the most commonly used tools to model us-
ers’ behaviour. By far the model specification which is used most often 
is the Multinomial logit Model which provides a convenient closed 
form for the underlying choice probabilities without any requirement 
of multivariate integration. Therefore, choice situations characterized 
by many alternatives can be treated in a computationally convenient 
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manner. The ease of computation and the existence of a number of com-
puter programs has led to many applications of the logit model. Yet 
it is widely known that a potentially important drawback of the MNl 
model is the independence from irrelevant alternatives property. This 
property states that the ratio of the probability of choosing any two al-
ternatives is independent of the attributes of any other alternative in the 
choice set. But we showed that, in many circumstances, this property is 
not respected and the application of the Multinomial logit Model can 
lead to some problems. Furthermore, the different tests used to verify 
if the IIa property has been violated can give opposite results when 
there is multicollinearity between the explicative variables. In these 
circumstances, if at least one of the tests leads to a rejection of the IIa 
property, it is better to use another model, for example a Nested logit 
model. In this case, we need to build the nests for the model, but there 
is not a standard way to construct the classes. Therefore, when we have 
many alternatives, there are different possibilities and it is not so easy 
to find the right combination. For this reason, we think that the use of a 
cluster analysis combined with a multivariate method can be useful to 
provide information about the construction of the nests. 

Furthermore we showed that the use of PCMR can improve 
parameters estimation in Multinomial logit Model. Obviously further 
research is necessary on the new proposed method as, for example, 
an extensive simulation study to verify the results and the method 
for selecting the PC’s, but we think that it can be a first solution to 
the problem of multicollinearity. at the same time a generalization of 
other models proposed in literature for solving the problem of high-
dimensional multicollinear data in the binary logit model could be 
interesting. 
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In the latest centuries, generally speaking, history records 
the alternation of some important seasons which lend 
themselves to represent economic models, which are the 
bases of modern economic thought.
First of all, there is the age of colonial economy centered 
on the role of imperial states, together with the birth of 
monopolistic companies, in the management of trades 
with dominion areas.
Then, the age of international economy was lived, culmi-
nating in the second post war trade relation system. It was 
mainly founded on the functions of the national states and 
their authorities to support both national espansionary 
fiscal policy and exchange clearings, in their trade ratios 
with the rest of the world.
At last, in the latest years, interglobal economy took vehe-
mently the lead through the modern electronic infrastruc-
tures of telematic and telecommunications.
As the former models, the interglobal economy too does 
not automatically assure either stable equilibrium or the 
overcoming of traditional crises.
It gives benefits and disadvantages too.
From the normative and positive points of view, one 
of the disadvantages which most drew the attention of 
researchers is the weakening and disappearance of na-
tional and subnational economic and monetary policy 
instruments.
Instead one of the benefits which most attracted interest 
might be located on the nature itself of the technological 
revolution in progress, foreboding new opportunities in 
the integration process of local economic systems, which 
might qualify themselves as network growth links (or 
growth poles?).
The Review has the aim to represent and to inquire the 
normative and positive profiles of the foundamentals 
which might characterize the thin and difficult frontier 
between globalization and economic localism.



  Euro 12,91

weive
R c i

mo
noc

E  la co
L 

& la
bol

G
T

R
A

C
C

E
  E

D
IT

IO
N

 
20

09
 V

ol
.  

13
 N

o.
2




